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Abstract. Individuals make decisions every day. How they come up with esti-
mates to guide their decisions could be a result of a combination of different in-
formation sources such as individual beliefs and previous knowledge, random 
guesses, and social cues. This study aims to sort out individual estimate assess-
ments over multiple times with the main focus on how individuals weigh their 
own beliefs vs. those of others in forming their future estimates. Using dynam-
ics modeling, we build on data from an experiment conducted by Lorenz et al. 
[1] where 144 subjects made five estimates for six factual questions in an iso-
lated manner (no interaction allowed between subjects). We model the dynamic 
mechanisms of changing estimates for two different scenarios: 1) when individ-
uals are not exposed to any information and 2) when they are under social  
influence.  
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1 Introduction 

The present study examines individuals’ mechanisms for revising their estimates in 
the presence and absence of social influence. How do people weigh their previous 
estimates while forming new estimates? How do they account for the judgment of 
others in their next estimate? We base our modeling and estimation work on the data 
of an experiment by Lorenz et al. [1] where each individual, in 12 groups of 12 
people, makes five estimates for six factual questions. Lorenz et al. [1] study different 
scenarios when individuals do not receive any feedback about others’ estimates and 
when they are given feedback to some degree. Before reviewing their experiment (in 
Section 2) and presenting our modeling work (in Section 3), we review the key find-
ings of the literature regarding this topic and identify the research questions to which 
we contribute. 

1.1 Aggregation of Individual Estimates 

One of the main research areas relevant to our study is the impact of aggregation of 
individual estimates. In general, individuals aggregate their opinion by averaging  
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[2, 3]. Although nineteenth century scientists did not trust averaging [3], recent stu-
dies have shown that the average of multiple estimates from different individuals is 
more accurate than the average of multiple estimates from one individual [4-11]. 
Surowiecki [12] demonstrates that the results of aggregating individual estimates are 
superior to even those provided by experts.  

Averaging increases accuracy, because different individuals’ estimates often 
bracket the true value and thus averaging yields a smaller error than randomly choos-
ing one estimate. Only if significant bias is present across all individuals, and thus the 
estimates do not bracket the truth, the average would be as accurate as a random esti-
mate [3, 5, 8, 9]. Research shows that averaging ensures that the result has lower va-
riability, lower randomization error, lower systemic error, and converges towards the 
true forecast [see: 5, 13, 14]. Additionally, averaging not only increases the accuracy, 
but also some form of averaging is almost nearly optimal. Yaniv [6] notes the “inde-
pendency of individual” as a central condition for obtaining optimal accuracy, and 
Hogarth [15] presents that groups containing between 8 and 12 individuals have pre-
dictive ability to the optimum. This simple mathematical fact of averaging individual 
estimates, the so-called “wisdom of crowds”, can be easily missed or even if it is 
seen, it can be hard to accept [12].  

1.2 Weighing Process in Aggregation  

Research shows that people make decisions by weighing their own opinions with 
advice from other sources [16]. In the process of giving and receiving advice, individ-
uals discount advice and weigh their own opinions more because they are usually 
egocentric in revising their opinions and have less access to reasons behind the advi-
sor’s view [6, 17, 18]. Harvey and Harries [19] observe a similar behavior in their 
experiment, where individuals put more weight on forecasts that are their own rather 
than on equivalent forecasts that are not theirs. In short, differential access to reasons 
(e.g. advisor’s reasons) and egocentric beliefs are the two common causes of over-
weighing one’s own opinions; however, Soll and Mannes [3] show that neither of 
these two can fully account for the tendency to overweigh one’s own reasons. 

Yaniv and Milyavsky [20] note that individuals with less information change their 
opinions based on advice more than more knowledgeable individuals. In their expe-
riment, individuals were less likely to change their initial opinion if they had a strong 
and formed opinion than others who had not. Additionally, Mannes [21] believes that 
when individuals recognize the wisdom of crowds and place more weight on their 
opinions, their revised belief becomes more valid. 

In sum, studying the effects of social influence on individual decision making is 
important to evaluate the reliability of their specific predictions. In fact, the internal 
mechanisms that drive individuals to update their estimates are not fully specified in 
the literature, especially when they are under social influence. To be more clear, so-
cial influence occurs when an individual changes her attitude because of the attitudes 
of others; that is, when an individual’s beliefs, feelings, and behaviors are affected by 
other people [22]. 
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2 The Experiment 

Lorenz et al. [1] ask 144 students to answer six quantitative questions on geographical 
facts and crime statistics in Switzerland, including (1) population density, (2) border 
length, (3) the number of new immigrants, (4) the number of murders, (5) the number 
or rapes, and (6) the number of assaults. The participants were split randomly into 12 
experimental sessions, each consisting of 12 participants. Each question was repeated-
ly answered in five rounds (time periods). The questions were designed in such a way 
that individuals were not likely to know the exact answer, but could still have some 
clue. Participants did not interact with each other and the only information they re-
ceived about the others’ estimates was provided by experimental manipulation (no 
information, aggregated information, and full information) through the software inter-
face. Individuals were also asked about their confidence levels in their first and fifth 
estimates for each question on a six-point Likert scale (1, very uncertain; 6, very cer-
tain). The confidence level values were not provided to the others.  

Three different scenarios were tested regarding information exposure, including 
“no information”, “aggregated information”, and “full information”. In the no infor-
mation scenario, individuals were not aware of others’ estimates and, therefore, the 
five consecutive estimates were made with no additional information. In the aggre-
gated information scenario, each subject was provided with the arithmetic average of 
others’ estimates in the previous round. Finally, in the full information scenario, indi-
viduals received a figure of the trajectories of all others’ estimates along with their 
numerical values from the previous round. For each group, two questions were posed 
in each information scenario. The order of questions in each information condition 
was randomized. 

Subjects were encouraged to answer questions precisely by offering them financial 
rewards. Individuals received increasing monetary payments if their estimates fell into 
the 40%, 20%, or 10% intervals around the truth; otherwise, they received no reward. 
The correct answer and rewards were disclosed at the end of the experiment to avoid 
giving away a priori knowledge about the right answer.  

3 Modeling 

In this study we design two scenarios, no information (No Info) and aggregated in-
formation (Aggregated Info), to reproduce the dynamic mechanism of changing esti-
mates, over five estimation making rounds. No Info and Aggregated Info models are 
discussed in Sections 3.1 and 3.2 respectively. Parameter estimation is then presented 
in section 3.3.  

3.1 No Info Model 

We present two alternative models for the No Info scenario. In the first model, esti-
mates are generated anchoring on the initial estimate. In the second one, estimates are 
generated anchoring on all previous estimates (a weighted average of those).  
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No Info Model I 
The key hypothesis here is that people change their estimates depending on the  
previous estimates and some random variations, where the higher their initial confi-
dence level is the less variation will be observed in the estimates. Estimate of individ-

ual i at round r, ( , 1, … ,5 , is generated based on the initial estimate 

(  and a change rate ( ): , 1, … ,5  (1)

 is the rate at which an estimate becomes the next desired estimate (note that 0, so ).  is calculated as: 

 (2)

Desired estimate ( ) is estimated based on  and some variations ( ): 

 (3)

 is then generated using a lognormal random variable  to change the next desired 

estimate at each round,  where ~ 0, . We hypothesize that 

 is a function of individual’s initial confidence level (  is between one and six; 

it is normalized as , so 0, 0.2, 0.4, 0.6, 0.8, 1 . It can be simply 

assumed that  is linearly changing in the range of 0,1  based on  but the expe-
rimental data does not evidence such linearity. We use equation 4 to estimate the 

functional structure of , , , , 1 1 , , ,  (4)

, , and  are control parameters (to be estimated) where: 0 controls the con-
vexity shape of the function (linear function if 1); 0 1 controls the inter-

sect of  at 1, e.g. 1 0 0 ; and 0 controls the  

intersect of  at 0, e.g. 0 1 1 . 

No Info Model II 
In the second model, individuals take into account all previous estimates for making 

estimates rather than only their initial estimate as a pivot point. , estimate of indi-

vidual i at round r, is a linear combination of weighted previous estimates ( ), jth 
previous estimate made by individual i, (  and 1, … ,4 ). Also, weights ( ) 

are assigned to estimates of previous rounds, jth previous estimate.  is calculated 
as shown in equation 5. ∑ ∑ , 2, … ,5  (5)
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3.2 Aggregate Info Model 

In this model, individuals are affected by social influence as they are given the group 

average ( ∑ ) of the previous round. The main idea is that individu-

als make estimates based on a weighted average of their own estimates and the group 
average. Individuals also consider the group average based on two variables: degree 
of compliance  (how much they rely on the opinion of others) and threshold  
(e.g. they do not take into account the group average when it is  times  
bigger/smaller than their own estimate). The degree of compliance (0 1),  
defines whether the individual is willing to follow the group estimate and is based  
on : 
 1 1  

where, , ,   and  > 0,  0 1,  0 1 
(6)

Defining  and  as same as in the No Info model II,  is calculated as: 
 1 ∑ ∑  (7)

 
We design five hypotheses to study the structural form of  and  on estimates 

as: H1: fixed  without , H2: fixed  and fixed , H3: fixed  and variable  
( , , ), H4: variable  and fixed , H5: variable  and 
variable . The results of F-tests show that H5 has less error and variance. Note that 
in equation (7), 0 if the group average is  times bigger/smaller than individu-
al’s estimate. 

3.3 Parameter Estimation 

No Information Model 
The maximum likelihood estimation is used to estimate parameters so that the model 
optimally fits the experimental data. The results of the parameters’ estimation are 
shown in Table 1. Comparison of the two models indicates that although they do not 
significantly differ in variability, model II provides a better fit with the experimental 
data. 

Table 1. Parameters estimated in No Info models 

No Info, model I No Info, model II 
Parameter Estimation (95% CI) Parameter Estimation (95% CI) 

 2.07 (2.05-2.09)  0.33 (0.27-0.40) 

 0.80 (0.75-0.91) 0 
 1.06 (1.05-1.07)  0 

 *  is weight of jth previous estimate. 1. 
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Aggregated Information Model 
Parameters are estimated using the maximum likelihood estimation. Given estimated   and  as 5 and 3 respectively, individuals’ threshold  to follow the group average 
varies between 5 and 8 with respect to their confidence level. Table 2 shows parame-
ters estimated in the Aggregated Info model. 

Table 2. Parameters estimated in Aggregated Info model 

Aggregated Info 

  parameters 

Parameter Estimation (95% CI) Parameter Estimation (95% CI) 

 0.21 (0.14-0.22)  1.25 (0.59-1.90) 

 0  0.54 (0.51-0.60) 

 0 0 

*  is weight of jth previous estimate. 1 

4 Discussion  

In this study we aim to understand how individuals weigh previous estimates of their 
own in presence and absence of social influence. We first modeled the No Info scena-
rio where individuals were not aware of others’ estimates. Two models were tested 
for this scenario—in model I individuals rely only on their initial estimate while in 
model II they take into account all previous estimates rather than only their initial 
estimate. Our analysis shows that Model II provides a better fit with the experimental 
data. The main difference between the No Info model II and the Aggregated Info 
model is that in the Aggregated Info model each subject was provided with the arith-
metic average of others’ estimates in the previous round, in other words, individuals 
were affected by social influence.  

We show that in both scenarios, the initial estimate has no significant influence on 
the final estimate, which is not consistent with Mannes’s [21] findings. One reason for 
this could be the best guess efforts are the most updated ones for individuals and not 
their initial ones. Another reason could be that individuals do not know the true value 
and as they also do not receive any feedback about others’ estimates, they change 
their ideas based on their more recent thoughts.  

Our results also show that when individuals are not affected by social influence 
they use one and two previous estimates to generate new estimates, where the two 
previous estimate has lower weight, 0.33 (0.27-0.40). When they are affected by so-
cial influence, they still use only one and two previous estimates and the two previous 
estimate has lower weight 0.21 (0.14-0.22). Comparison between those situations 
reveals that the weight of the two previous estimate is lower when individuals are 
given the group average—they tend to make a combination of their own estimates and 
of the others. To do so individuals consider two variables, threshold and degree of 
compliance as functions of their confidence level, to include estimates of others in 
their next estimate. Our analysis reveals that individuals have a threshold of about 6.5 
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(they do not take into account the group average when it is 6.5 times bigger or smaller 
than their own estimate), to consider the group average as significant. This result is in 
close accordance with Yaniv’s study [20].  

One of our major limitations in this study is the small sample size of the experi-
mental data. The precision and accuracy of our estimates can be potentially improved 
as larger data are analyzed. Future research can also apply our models in different 
settings to test the robustness of the findings. Analysis of inconsistencies of research 
findings such as the influence of initial estimate on the final estimate could be also 
another research work.  
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