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1.0 SUMMARY 
Intelligence analysts must integrate highly dynamic information in order to solve problems 
reactively and make predictions about future events proactively. Individual predictions may or 
may not be highly accurate, depending on the expertise of the forecaster. However, previous 
research on the wisdom of crowds has determined that often, aggregated estimates of multiple 
experts is even closer to the truth than most single expert forecasts. We have developed a tool as 
a means of aggregating and displaying the wisdom of crowds for Intelligence, Surveillance, and 
Reconnaissance (ISR) analysts. This tool allows analyst forecasters to make their own 
predictions regarding self-selected questions pertinent to mission objectives. Additionally, the 
tool displays the aggregate predictions of other analysts over a one-month period, along with an 
individual analyst’s reasoning for each of their predictions. This allows any given analyst to 
consult the wisdom of the crowd and the opportunity to update their predictions, if desired. In 
order to ensure this tool is maximally effective and interpreted properly by analysts, it is critical 
that the graphical display of the crowd’s prediction information is comprehensible. We tested a 
variety of graph types (two forms of line graph, a bar graph, a box plot, and a dot plot) to display 
the wisdom of crowds with varying features to ascertain individuals' ability to accurately 
understand the presented information using a small pilot sample of participants.  
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2.0 BACKGROUND ON FORECASTING IN INTELLIGENCE ANALYSIS 
Intelligence analysts must make inferences and predictions by aggregating diverse, highly 
dynamic information that updates continuously each day. Information to solve needed problems 
may come from a variety of sources, leading to different individuals making different predictions 
about the likelihood of future events, depending on what information is readily available to them. 
However, often in the aggregate, there may be a strong wisdom discerned by a crowd of relevant 
experts, which could and should be leveraged by others when making predictions under 
uncertainty. Forecasting tournaments, such as the Good Judgment Open (GJO) project (Ungar, et 
al., 2012) and interfaces that provide insight into the predictions of others may assist novices or 
less experienced experts to leverage information provided to them more effectively. However, in 
order for these tools to be maximally efficacious, it is critical that the collective opinions of the 
crowd are displayed in a manner that can easily be interpreted and utilized effectively. 
Furthermore, it is valuable for analysts to observe how individual and crowd forecasts have been 
modified over time as events in the world are continuous, and critical information may lead to 
fluctuations in aggregate opinions. 

2.1 Forecasting 
As one Central Intelligence Agency (CIA) intelligence officer cited in a recent op-ed (Bobby, 
2019), forecasting is difficult within the intelligence community. Errors are often attributed to 
cognitive biases, groupthink, faulty mindsets, stove-piping of information, individual 
overconfidence, confirmation bias, anchoring, and outdated frameworks (Bobby, 2019; Wintle, 
et al., 2012). More broadly, humans have shown to have difficulty making forecasts even when 
there is sufficient information and the individual has sufficient cognitive capacity to make the 
prediction. Among experts, this may be due to a high degree of proficiency with making linear 
extrapolations to known past data, which are often accurate for future predictions (Bobby, 2019). 
However, this can lead to analyst overconfidence and an overreliance on linear trend 
expectations, which may lead to faulty decision making in cases where a linear extrapolation (i.e. 
past behavior is indicative of trends for future behavior) is inappropriate. Furthermore, the longer 
complex systems have to mutate and evolve, the more stochastic the behavior of that system 
becomes, making its future behavior even harder to predict. This is why it is critical for 
visualizations to provide information on both the general trend of data, but also the degree of 
stochasticity and uncertainty. Certain types of graphical displays can enhance this 
interpretability, but other visualizations can make this information difficult to glean. This 
underscores the value of testing multiple graphical display types to ensure they are conveying the 
correct trend information. 
When looking at forecasts in groups, certain factors of individuals and teams improve forecast 
prediction and decision-making. Forecasts are typically more accurate when they are made 
within a group of diverse individuals (Bobby, 2019; Wintle, et al., 2012). However, certain skills 
and traits have been identified as traits of good analysts and forecasters including: high cognitive 
ability, political knowledge, strong inductive reasoning/pattern detection, and high fluid 
intelligence (Bobby, 2019). Furthermore, on a forecasting team, traits including: balance 
between collaboration and competitiveness, an open-minded approach to problem solving, and a 
commitment to self-improvement were seen as important attributes. Regardless of personality or 
skills, providing forecasters with training, tracking of past events, and teaming can greatly reduce 
the error in a forecast (Mellers, et al., 2014). 
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Forecasting is defined as predicting the probability that a specific event will occur within a 
certain timeframe; these predictions provide situational awareness (Ramakrishnan, et al., 2015). 
Two of the most common types of forecasting are point predictions and range forecasts (Haran & 
Moore, 2014). Point predictions are used when a forecaster is trying to determine what event, 
specifically, will occur. The downside to this type of forecast is that it can highlight the 
forecaster’s overconfidence in their answer, making them reticent to voice any uncertainty. On 
the other hand, range forecasts allow the forecaster a margin of error in their estimates. Although 
a range does allow forecasters to voice their uncertainty, it is not perfect, as precise estimates 
contain lower confidence and have a narrow range of values and conservative estimates contain 
higher confidence and a much wider range of values (Haran & Moore, 2014). Although forecasts 
can be made by anyone based on available information, this skill is particularly critical for 
intelligence analysts. In addition to closed intelligence information (Human Intelligence 
[HUMINT], Signals Intelligence [SIGINT], etc.), open-source tools can be utilized by analysts to 
collect information for making an accurate forecast, including: social media (Facebook, Twitter), 
physical measurements (temperature, humidity), or unconventional surrogates (reservations at 
hotels, security footage from a civilian building). 
Particularly within military operations, there is a strong desire to develop intelligence analyst 
skills to become better forecasters. Improved forecasting capability is desirable so that analysts 
can make better decisions and effectively leverage information provided by other expert 
analysts’ forecasts. Justifications and explanations of the rationale behind a forecast can be 
particularly valuable for aiding forecasting by analyst colleagues. An Intelligence Advanced 
Research Projects Activity (IARPA) program called Aggregative Contingent Estimation (ACE) 
is working to determine how we can best identify the knowledge and understanding of an expert 
forecaster. This would give greater weight to their estimates compared to novices (Bobby, 2019; 
Forlines, et al., 2012). Forecasts are often measured using the Brier score (Brier, 1950). The 
Brier score is applicable when there are discrete, binary responses rated using a probability 
percentage (Brier, 1950; Rufibach, 2010). This is generally the preferred metric for measuring 
forecasting aptitude rather than binary accuracy (correct/incorrect percentages) because it 
incorporates the certainty magnitude of the response. In a scenario, for example, where an event 
does occur, the Brier score incentivizes correct predictions that are strong (e.g. 95% likely to 
happen) rather than hedging (51% likely to happen) and is more penalizing of incorrect 
predictions that are strong but wrong (e.g. 5% likely to happen) than hedging (e.g. 49% likely to 
happen). The score can only be computed once the event window has closed, with lower Brier 
scores indicating higher performance on prediction (Forlines, et al., 2012). Brier scores are 
calculated using the following formula: 
 

BS = 1
𝑁𝑁
∑ (𝑓𝑓𝑡𝑡 − 𝑜𝑜𝑡𝑡)2𝑁𝑁
𝑡𝑡=1                                                     (1) 

Where ft is the probability of the forecast, ot is the binary outcome of the event at time t (0 or 1), 
and N is the number of individual forecasts. The individual's score is cumulative over time, 
meaning the Brier score for each participant is updated at the end of each month. 
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2.2 Wisdom of Crowds (WOC) 
Previous research has established that, under certain circumstances, judgments or estimates 
may be more accurate in the aggregate within a group than most individual judgments alone, 
due to the averaging over of individual estimators' biases. This collective accuracy is referred 
to as the wisdom of crowds. One of the earliest and most well-known examples illustrating 
the wisdom of crowds comes from Galton (1907). He conducted an experiment at a local 
gathering during which he asked the public to guess the weight of a dressed ox; roughly 800 
participants paid an entry fee and then privately made their guess in pounds. At the 
conclusion of the day, Galton aggregated all of the guesses and found that the collective 
crowd was within one percent of the actual weight. 
There are several different kinds of inputs the crowd can offer including votes, preferences, 
probability, quality, relevance or rank, and numerical value. Members of a group can also 
provide a response along with a probability estimate that represents their confidence in their 
own answer. This gives people who are more confident in their answers more weight in the 
overall outcome and is especially used in forecasting, see weighted averaging formula below: 
 

              WLA = 1
𝑁𝑁
∑ 𝑤𝑤𝑖𝑖𝑗𝑗𝑖𝑖𝑁𝑁
𝑖𝑖=1                                                              (2) 

There are multiple means of measuring the wisdom of a given crowd for a third-party 
observer. The simplest way is to measure the single best individual, or the person who is 
perceived as having the most knowledge and expertise (Mannes, et al., 2014). This approach 
is favored when there is a high degree of expertise variability in the group and there is a valid 
cue for identifying the "best member." for example, requesting the assistance of a medical 
expert on a plane, rather than taking a poll of a subset of the passengers. A select crowd 
approach is to subsample a small group of the full crowd that might have more knowledge 
than an average member, but whose expertise cannot easily be differentiated. The size of the 
select crowd is dependent on the overall size of the whole crowd, however a good rule of 
thumb is to use the top five members of the whole crowd. Finally, there is the whole crowd 
approach, which as it sounds involves taking the votes or choices of the entire crowd into 
consideration. This approach is optimal when there is little variability in expertise between 
crowd members and members tend to not show a particular bias on one side of the truth. 
Certain factors contribute to the success of wisdom of the crowd, including group size, 
diversity, and expertise. When the group is sufficiently large enough, aggregation to the 
median or mean typically provides a response that is more suited to the truth, due to 
cancelling out sources of variable noise (Bennett, et al., 2018). Fortunately, these simple 
measures of central tendency have been found to be just as accurate as more sophisticated 
aggregation methods (Mannes, et al., 2014). In situations where the group must make an 
outright judgment, it is important to include as many members as possible to get a large 
enough sample of the population (Lyon & Pacuit, 2013). However, Galesic & Garcia-
Retamero (2011) found that moderate sized groups, as few as 14 members (Bachrach, et al., 
2012), can perform better than individuals and large groups when the task at hand is relatively 
easy. 
Expertise of the crowd also contributes to higher accuracy in the wisdom of crowds (Iyer & 
Graham, 2012). This need for expertise can be mitigated with crowd diversity, meaning that 
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not all members have the same expertise. It is not necessary for all members of the crowd to 
have the knowledge to give a perfectly accurate response, as the members who do not possess 
this knowledge provide the diversity in the group. Maintaining this diversity can be difficult 
when there is cross-communication among crowd members. It is important to avoid situations 
that can cause social influence or group think to reduce the crowd's diversity, as this can also 
reduce the efficacy of the group (Lorenz, et al., 2011). The herding effect, when a large 
portion of the group thinks in the same way regardless of accuracy, can also dramatically 
change the outcome of the wisdom of a crowd; there can be several herds within the same 
group. Another critical aspect of the original Galton (1907) study is that members of the 
group were motivated by opting in and paying a fee to guess. Bennett et al. (2018) found that 
when members of a group decide to opt-in and provide a response freely, the aggregate 
wisdom of the crowd is more accurate than when members are compelled to respond. 

2.3 How People Interpret Information in Graphs 
As valuable as the wisdom of crowds is for improving decision making, it cannot be 
leveraged as an effective decision aid unless it is presented such that an average viewer can 
accurately interpret the perspective of the crowd. Individual and aggregate quantitative data 
can be displayed using one or multiple graphs (Friel, et al., 2001). It is critical for an 
individual to accurately interpret graph information for effective decision-making and 
reasoning. Graphical displays therefore should communicate the most important elements that 
will need to be integrated by a decision-maker (Friel, et al., 2001; Okan, et al., 2012). 
Effective information communication in graphs can additionally help overcome biases 
(Walker, et al., 2019). For forecasting decisions, this information should be easily gleaned 
and interpreted, due to time pressure. Previous research on graph interpretation provide 
insights into what design features on graphs correlate with cognitive processing and provide a 
baseline for testing multiple potential display types (Friel, et al., 2001). Furthermore, there 
appear to be measurable individual differences in graph comprehension and graph literacy 
(Galesic, & Garcia-Retamero, 2011). 
Shah and colleagues (1999) found that graph displays that visually chunk information that 
the observer needs to compare better support perceptual processes and aid in graph 
interpretation by reducing the need for complex inferential processes. They found that when 
temporal information about multiple geographic regions was displayed using a bar chart, 
students were able to draw factual inferences about the geographic regions in comparison to 
one another, but did a poorer job at understanding how each region experienced comparative 
changes over time. However, since the graphs were being used to demonstrate changes in 
each region over time, this led to a lack of appropriate comprehension for most students. By 
modifying the bar charts into line plots with identical information, as well as splitting the 
plot into two plots with fewer variables and transforming the y-axis into a percentage value, 
this emphasized the necessary temporal relationship for how each region changed over time 
and improved student comprehension. The trade-off between understanding factual vs 
temporal information illustrates that which graph is appropriate to utilize is dependent on the 
information the observer needs to glean. The Gestalt principles of proximity, similarity, 
connectedness, and continuity are used to determine how people visually chunk information 
presented in graph form (Peebles & Ali, 2015). Trends over time are easier to identify when 
using line plots due to connectedness and continuity, while comparisons within a given time 
frame are easier to identify when using bar charts due to proximity and similarity. In other 
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words, differences within clusters of bars on a bar chart are easier to identify than 
differences across clusters. However, the perceptual organization of data into visual chunks 
is more likely to influence users than the format of the chart. 
Graph literacy is a trait that varies between individuals. Individuals with high graph literacy 
tend to extract more complex information from line graphs and can better infer the main 
effects from bar graph displays (Okan, et al., 2012; Shah & Freedman, 2011). Galesic and 
Garcia-Retamero (2011) created a methodology for testing multiple types of graphs and 
levels of interpretation of the information within those graphs. In their first level, reading the 
data, means that an individual should be able to glean direct information from a graph, for 
example, reading the height of a bar on the y-axis. At the second level, reading between the 
data, individuals need to glean relationship information from the data, such as mentally 
calculating the difference between two bars or summing the values of multiple bars. Finally, 
the third level of reading beyond the data involves making inferences and predictions based 
on the data, such as forecasting a trendline or noting seasonal effects. 
This methodology is similar to the three levels of comprehension discussed by Friel that 
include translation, interpretation, and extrapolation/interpolation. Translation focuses on 
gleaning specific data from a graph. Interpretation involved identifying relationships 
between the variables. The extrapolating level involves making predictions based on the 
relationships discovered within the data (Friel, et al., 2001). Certain graph types may be 
more suited for conveying each of these levels interpretation for wisdom of crowds 
information, and both individual level and aggregate crowd data may be necessary to answer 
particular questions. As such, multiple graph types will be tested based on their proposed 
strengths and weaknesses. For example, line graphs are particularly suited for displaying 
temporal or functional relationships (Friel, et al., 2001). Violin plots provide the same 
quantile and mean information as a typical box plots, but with the added benefit of 
displaying the distribution of the data. Bar and pie charts can both be utilized to display 
quantities and percentages, respectively. However, bar plots are typically recommended over 
pie charts since most people make more accurate judgments of differences on a common 
scale than they do of angle differences (Simkin & Hastie, 1987). Finally, dot plots allow 
individual data to be visualized similarly to a histogram where density of dots reflects a 
greater number of individuals who responded in a like manner (Friel, et al., 2001).  
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3.0 CURRENT RESEARCH EFFORT: THE SPHINX FORECASTING TOOL 
The Sphinx forecasting tool was developed to display the wisdom of crowds of expert 
intelligence analysts for the purpose of improving analyst forecasting ability. By displaying 
prediction information aggregated across dozens of intelligence analysts, the goal is to improve 
the overall prediction ability of each analyst. Bennett and colleagues (2018) found that allowing 
individuals to opt-in to questions of expertise was beneficial to the overall wisdom of the crowd, 
creating an exceptional crowd who were motivated to be as accurate as possible due to paying 
for the privilege. Similarly, all of the forecasting questions are provided by the Sphinx tool to 
analysts and they must opt-in to respond. Importantly, this task extends beyond the analysis 
performed by Bennett and colleagues (2018) as forecasting requires making inferences beyond 
the current data set, in line with the third level of the graph theory proposed by Galesic & 
Garcia-Retamero (2011). They can choose to respond immediately if they have some expertise 
on the topic, or they can wait until others respond to assess the wisdom of the crowd before 
making their forecast. Likewise, if they feel unable to make a prediction even with the wisdom of 
the crowd, they are permitted to not answer questions. 
Analysts are given a group of time-sensitive questions about events that may or may not occur at 
the end of the month. They individually provide their forecast as a probability percentage of 
whether the event will occur. This allows the prediction to not only provide a "yes/no" binary 
response to whether an event will occur or not, but also provides a rating of confidence. As a 
non-sensitive example, forecasters could be asked, "What is the probability that Simone Biles 
will win the 2020 Olympics all-around gold medal?". Forecasters would be afforded the 
opportunity to view a display of the distribution of other raters in addition to their justifications 
for their responses. Importantly, if this visualized crowd information is unclear or confusing, this 
can lead to misinterpretation and actually decrease the accuracy of an individual’s forecast. 
Although not consequential for this non-sensitive question example, in real-world intelligence 
analysis, the consequences of systematic errors of interpretation can be dire. 
Within the Sphinx tool, each forecaster may change his or her prediction over time. For example, 
given Biles' record, the crowd might generally fall above 50% (a prediction that she will win 
gold), but if she were to suffer an injury or be discussing retirement, individuals could change 
their answers and move the needle for the crowd. In addition to providing responses to individual 
questions, as time progresses, monthly Brier scores are tabulated for each individual based on 
their accuracy and confidence of response. This is valuable from a research prospective, as this 
affords us the opportunity to see who changes predictions (i.e,. high versus low expertise), how 
often they make changes, and why they make changes, via their written justifications with each 
submission of a new answer. 
In order to provide maximum efficacy of the wisdom of crowd data, it is important that it is 
summarized in graphs that can be adequately interpreted by experts and novices. That is to say, it  
is important that a graphical display be capable of communicating information that allows even 
someone with less expertise to make Level 2 (relational) and Level 3 (extrapolation) 
interpretations about the perspective of the crowd. If graphs are presented in such a manner that a 
typical user will misinterpret the conclusion displayed in the graph, this will lead to less effective 
information integration based on the wisdom of crowds. This may further mislead the group into 
suboptimal decision-making, rather than providing an improvement. We are interested in 
understanding which types of graphical displays will allow for forecasters to make accurate 
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assessments about the wisdom of the crowd based on Galesic's (2011) levels of graph 
interpretation: direct interpretation (what does the crowd say), relational interpretation (how does 
the crowd opinion change over time), and inferences beyond the data (what will the crowd 
perspective be at some time in the future). Figure 1 provides an illustration of questions from 
each level from their 2011 paper. 
 

Figure 1.   Example of Graph and Question Display from Galesic & Garcia-Retamero 
(2011) Involving Medical Information.  

Stimuli were presented similarly in the present experiment, with a graph displayed with a single question at a 
particular level of complexity. Each graph was presented with all 3 levels of question in sequential order. 
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4.0 METHOD 
4.1 Participants 
For the initial small pilot study, we studied a group of seven subjects who were not expert 
intelligence analysts. They were slightly familiar with the concept of a forecasting tournament 
such as GJO. This was done to calibrate the types of graphs chosen and to collect a larger sample 
of questions than would be possible with a full expert subject pool. 

4.2 Graphs 
Graphs for the study were generated using Microsoft Excel. Each graph was static and presented 
within a mock presentation of the Sphinx tool interface. We generated mock wisdom of crowd 
data for questions from four forecasting topics: geopolitical, financial, pop culture and sports. 
This was done to prevent expertise bias. Each data set was designed to have been collected over 
the course of three months, where a number of forecasters could make and update their 
predictions. As the question content is not as critical as the interpretation of the crowd's 
prediction, we did not tailor the presented questions based on subject-matter expertise, nor did 
we require participants to search for this information. We did not present any of the individual 
prediction justifications, only the aggregate forecast graphs. This differs slightly from the Sphinx 
tool interface, where graphs are somewhat interactive, allowing participants to narrow the 
displayed date range, up to a maximum view of a full month. 
Graphs were blocked using a full factorial of: size of data set (2), degree of split for yes vs no 
responses (2), degree of change over time (2), and graph style (5), for 40 trials in total. Landwehr 
and Watkins (1986) found that the size of the data set influences the appropriateness of different 
graph styles. We varied the number of forecasters' predictions represented on the graph to 
explore if there is a trade-off in which graph type is most interpretable and appropriate to use 
based on a large (200) versus small (15) number of respondents. This small group size is based 
on the findings of Bachrach et al. (2012), who found that approximately 14 members was a 
sufficient crowd for efficacious prediction. The second factor was the degree of response split. In 
one condition, the crowd was split nearly 50/50 between a "yes" and "no" prediction, and in the 
second condition, the majority of the crowd favored one response over another, with a 75% 
favorability toward either the "yes" or "no" prediction. The third manipulation was the degree of 
change over time in the predictions. Half of the graphs were relatively stable with only small (up 
to 5% fluctuations) and the other half had larger fluctuations in preference (up to 15%). Finally, 
each condition was displayed using five different styles of graph, varying type based on the 
proposed strengths and weaknesses of graphs delineated by Friel and colleagues (2001). The 
graph styles chosen were: (1) line plot with group average, maximum, and minimum, (2) line 
plot with proportion of respondents above vs. below 50%, (3) stacked bar plot, (4) box-and- 
whisker plot, and (5) dot plot. Figure 2 illustrates an example of each of these 5 styles of graph 
with three months of aggregated crowd data. 



 

10 
Distribution A.  Approved for public release; distribution unlimited. 

AFRL-2021-2234; Cleared 26 Jul 2021 
 

 

 
 

Figure 2.  Example of each Graph Type with N = 15 Data Points.  
Top to bottom: Line Graph (mean, maximum, minimum), Line Graph (proportion above/below 50%), Bar Graph 

(proportion of crowd above/below 50%), Box Plot, and Dot Plot. "Yes" and "No" are coded as "will happen" and "won't 
happen" respectively based on whether an individual's forecasting estimate was above or below 50%. 
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4.3 Procedure 
The wisdom of crowds forecasting graphs were programmed in Qualtrics, and each 
participant was emailed a participation link. The experiment took around 80 minutes to 
complete. 
Following an informed consent procedure and instructions, participants would see three 
months of graphed forecasting data. Under each graph were three questions of increasing 
complexity, similar to the questions from Galesic and Garcia-Retamero (2011): 

• Level 1 – Understanding the material in the graph “what does the crowd 
say?” 

• Level 2 – Understanding the relationships presented in the graph “how does 
the crowd opinion change over time?” 

• Level 3 – Predicting beyond the data in the graph “What will the crowd 
perspective be at a future time if the trend in the data continues?” 

Responses to Level 1 questions were made using a categorical multiple-choice response with 
percentage values in ranges of 10% (e.g., 0-10% probability, 11-20% probability, etc.). An 
example of a Level 1 question might be "What percentage of the crowd believed that the 
spot price of silver would be over $17.50 per ounce on June 1?" For Level 2 and Level 3 
questions, responses were chosen from a multiple-choice selection. A Level 2 question 
would be "Which day in March represented an inflection point where the crowd became 
more confident that the US women's team would win the World Cup?" Level 2 is also an 
appropriate level for anomaly detection, for example, in a sports related question, one might 
ask which day appears to be indicative that the sports team has had a series of injuries. 
Finally, a Level 3 question example would be "Based on your best guess, what will the 
opinion of the crowd be on July 1 regarding the probability of Russia declaring a national 
health emergency?" Both levels 2 and 3 could be classified as extrapolation and 
interpolation by Friel and colleagues (2001) whereas Level 1 requires only interpretation 
under their framework. 
For each graph type, there were three additional questions, for a total of 15, randomized 
across conditions. There was an attention check question to ensure reasonable responding, a 
Level 3 question that asked the same question but with a different hypothetical crowd, and a 
Level 3 question that asked a similar question, but with the same hypothetical crowd. The 3 
Level questions from Galesic & Garcia-Retamero (2011) allow us to determine if there are 
differences in graph literacy based on the manipulated factors, and the additional questions 
allow us to determine how capable the crowd is at extrapolating beyond the data based on 
knowledge. At the end of the graph interpretation block, participants were asked a series of 
demographic questions, questions about their proficiency in each of the question categories, 
as well as which graphs they found easiest and most difficult to use.  
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5.0 RESULTS OF INITIAL STUDY 
For the initial pilot testing all five graph types, we collected data from seven individuals 
with a mean age of 37. Most participants reported having an advanced degree (master's 
degree or Ph.D.) but did not self-report as being particularly adept with graphs (M = 3, from 
a 5-point Likert scale). 
On average, participants self-reported that they had low knowledge on all categories 
(finance, sports, and pop culture) based on a 5-point Likert scale (M = 2) except for on 
geopolitical which had a slightly higher mean familiarity score of 2.4. The majority of the 
sample reported that the bar graph was easiest to interpret, with a plurality preferring the 
Yes/No line graph. The dot plot was reported by all members of the sample to be the most 
difficult to interpret chart. 
We examined accuracy based on the level of difficulty of the question. There were no 
significant differences in mean accuracy based on the level of the question (all ranged 
between 57% and 61%). The scores were nominally lower for the Level 3 questions that 
required extrapolation to a different crowd (M = 49%) or extrapolation to a different 
question (M = 51%), but these were not significantly different from the main 3 levels of 
question difficulty (see Figure 3). There was a significant interaction however between 
accuracy by difficulty level based on the type of graph that was interpreted, F(4,34) = 11.34, 
p < .01. For the Level 1 (direct interpretation) questions, accuracy was significantly higher 
for both the Yes/No Line and Bar charts than the Dot plot and Mean Line plot. For the Level 
2 (relationship between multiple times) questions, accuracy was significantly higher both the 
Yes/No Line and Bar charts than the Box and Mean Line plots. For the primary Level 3 
(extrapolating beyond the data) questions, accuracy was higher for the Yes/No line graphs 
compared to the Dot plots. The right panel of Figure 3 illustrates the results for the specific 
Level 3 questions. For the Different Crowd questions, accuracy was significantly higher for 
the Bar and Yes/No line charts than the Box and Dot plots. For the Different Question 
prompts, accuracy was significantly higher for the Bar plot compared to the Mean line and 
Yes/No line plots. This represented a reversal of the dominance of the Yes/No line plot. 
 

 
Figure 3.  Accuracy Results from the Initial Pilot Study.  

For the primary questions at all three levels, highest performance was achieved with the Yes/No line graphs and the 
Bar charts. For the questions that required inference to a different crowd, the Yes/No Line and Bar plots yielded the 
best performance, but for the different question extrapolation, the highest performance was yielded by the Bar and 

Box plot visualizations. 
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Performance significantly varied as a function of graph type when crossed with question 
difficulty. There was a significant main effect of graph type F(4,174) = 1.78, p = .04 and a 
significant interaction, F(4,174) = 8.38, p < .01. For Level 1 and Level 2 questions & different 
crowd extrapolation, Bar and Y/N line are equally highest, whereas for Level 3 questions, Y/N 
line yielded highest performance. Regarding extrapolation questions, extrapolating to a different 
question yielded significantly higher performance with the bar chart. Accuracy was generally 
higher for easier (Level 1) questions compared to harder questions (Level 3), in the predicted 
direction. 
In addition to questioning difficulty, we were interested in examining various potential 
forecasting crowd factors on visualization interpretability and accuracy. Accuracy was examined 
based on graph visualization type and degree of response split between will happen/won’t 
happen. There was a significant main effect of graph type, F(4,69) = 16.96, p < .01 and a 
significant interaction, F(4,69) = 2.97, p = .02 (see Figure 4). For most of the graph types, there 
was no significant difference based on the proportion of yes vs no predictions. However, there 
was an interaction with the dot plot, where the stronger split of the crowd yielded significantly 
higher accuracy. The highest overall accuracy was yielded by the bar chart and yes/no line 
visualizations. 
 

 
Figure 4.  Graph Type and Split of Crowd Forecast 

Generally, there were no significant differences in participant accuracy for each visualization based on the degree 
of crowd split, but the general trend was that performance was higher when there was closer to a 50/50 split 

between “will happen” and “won’t happen” with the crowd. However, this pattern significantly differed in the 
opposite direction for the dot plot visualization, with the 75/25 crowd split yielding higher accuracy. 

 
The final two factors examined were graph type and the degree of crowd opinion change over 
time. For half of the trials, graphs portrayed a change of approximately 5% whereas the other 
half portrayed a crowd fluctuation of approximately 15%. There was no significant interaction 
between these two factors, but there was a significant main effect of graph type F(4, 69) = 14.06, 
p < .01. Again, the highest performance was seen with the Bar charts and the Yes/No line plots 
(see Figure 5). 
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Figure 5.  Graph Type and Degree of Change 
There were no significant differences in performance in interpreting visualization based on whether there was a 

high or low change in mean crowd prediction over time.  
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6.0 DISCUSSION OF PILOT STUDY 
6.1 Implications of the Study 
The primary focus of this study was to determine if there were differences in participants’ ability 
to understand different graph visualizations when making inferences about crowd forecasts. We 
further examined if visualizations facilitated understanding under varying crowd factors: degree 
of split between Yes/No responses, and the degree of change in the crowd’s forecast over time. 
The outcome provides prescriptive recommendations for the Sphinx tool. Regardless of the 
difficulty of the question, the line plot and bar charts that illustrated the proportion of “yes/will 
happen” responses and “no/will not happen” responses facilitated consistently high performance. 
For both of these charts, there were no significant effects of crowd split or degree of crowd 
opinion change, so the plots are robust to variable crowd data. The bar plot was particularly 
faciliatory for the Level 3 responses, as accuracy on both generalizing to different crowd 
compositions and different questions were highest for the bar plot visualization. Thus, if a 
particular Sphinx forecasting question requires forecasters to generalize beyond the given crowd 
data, a bar plot may be preferable to a line plot. 
Self-reported preferences for the graphs did seem to strongly correlate with performance. 
Participants self-reported that they preferred the bar plots or Y/N line plots the most and that they 
preferred the dot plots the least. Although performance when interpreting dot plots was not 
particularly low, performance was highest for the Y/N line plots and the bar charts. There was no 
correlation between performance and familiarity with interpreting graphs. This indicates that 
high performance in interpreting the crowd’s forecasts did not rely on being particularly adept 
with understanding complex graphs. Indeed, each of the chosen graph types was designed to be 
relatively simple, with a limited amount of data conveyed on each one. None of the graphs 
displayed had multiple axes or multiple data sources. 

6.2 Future Directions 
The Sphinx WOC Forecasting tool is still in development, and thus visualizations are continuing 
to be added. Although this pilot study has helped to solidify the graphical displays on the 
individual question level, there is an interest in presenting data hierarchically for the tool. For 
example, it may be of interest to aggregate questions by domain (e.g., Sports, Geopolitical), or 
base questions on a on subsample of the forecasters based on expertise. In the full version of the 
Sphinx tool, questions are organized based on intelligence Priority Information Requirements 
(PIR) with each prediction question representing various facets to answer the PIRs. At the 
summary level, the current plan is to provide visualizations using pie or donut charts, particularly 
when there are more than two responses (i.e. rank ordinal responses rather than “will happen” / 
“won’t happen”). The individual question-level will be displayed with a Y/N line chart over 
time. 
Beyond displaying the WOC forecast in the aggregate, we are interested in evaluating forecaster 
reasoning and predictions, based on information available to them. Typically, the wisdom of 
crowds refers to an emergent phenomenon, such that forecasters make their initial decision with 
no crowd information, but the crowd’s aggregate prediction is more accurate than individual 
forecasts. However, if forecasters make predictions with the crowd’s prediction visible, this may 
influence or bias a forecaster’s initial prediction. Thus, it is important not only to test the type of 
visualization used to display the crowd’s forecast, but to display this information at an 
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appropriate time, to reduce confirmation bias or undue influence of the crowd. A future study 
will examine when information is provided in the Sphinx tool and the impact on forecast 
accuracy of the crowd, as well as on the justifications provided by forecasters for why they made 
their prediction. 
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8.0 LIST OF ABBREVIATIONS, ACRONYMS AND SYMBOLS 
 

ACE Aggregative Contingent Estimation 

CIA Central Intelligence Agency 

GJO Good Judgement Open 

HUMINT Human Intelligence 

IARPA Intelligence Advanced Research Projects Activity 

ISR Intelligence, Surveillance, and Reconnaissance 

PIR Priority Information Requirements 

SIGINT Signals Intelligence 

WOC Wisdom of the Crowd 
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