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Introduction 
 

On a Wednesday morning you pick up the Wall Street Journal, flip to “Marketplace”, and the 

headline “S&P 500 Notches Another Record; Dow Just Misses” is emblazoned along the top. 

Those that had invested in the markets are making a healthy sum for simply choosing a few 

stocks to invest in. How would you react? Perhaps you would consider doing the same.  

 

Consider this. Instead, the headline is now “U.S. Markets Tumble as Fear Spreads.” Investors 

have lost incredible amounts of money. Perhaps you would reconsider putting your savings into 

such a risky venture.  

 

We go through each and every day being bombarded with media, news articles, and 

conversations. We are constantly faced with decisions. Whether we realize it or not, each choice 

we make is a calculation of risk and reward among alternatives. While in some cases it may be 

easy to calculate expected payoffs, sometimes it can be much harder. This subconscious process 

of evaluating different alternatives varies from person to person based on individual preferences 

and characteristics.  

 

Our goal is to investigate whether priming an individual with an article about losing money 

through risky choices or an article about winning money and the excitement involved has any 

effect on an individual’s attitude towards risk and reward. Is it the case that individuals become 

more risk-averse or risk-seeking after being influenced by some outside source?  

 

Research Question 
 

Our research aims to investigate the differences between an individual’s decision-making and 

risk-preferences based on recent information read before making various decisions. We 

hypothesize that individuals who are exposed to an article demonstrating risky behavior with an 

undesirable outcome will internalize the losses presented and thus be more likely to be risk-

averse in their decision-making process. Conversely, we believe that individuals who are primed 

with an article demonstrating risky behavior with a desirable outcome will respond with more 

risk-seeking behavior as a result of the excitement and possibility of achieving a similar 

outcome. We expect our control group, those that are not given an article to read beforehand, 
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will exhibit decision-making close to expected risk and reward preferences and fall between the 

results of the two test groups.  

 

Justification for Research 

 

The results of our research have the potential to have a significant impact in the fields of 

consumer behavior and marketing (especially in industries pertaining to uncertain outcomes). 

Types of firms that would find this useful include casinos, financial services, and insurance.  

 

A prime example of how our study can contribute to the fields of consumer behavior and 

marketing can be visualized in the setting of a casino. By empirically testing the differences in 

decision-making and risk-preferences after being primed with a risk-seeking or risk-averse media 

source, we would be able to consider the impact of an advertisement, such as a large banner or 

clip with a previous jackpot winner, on an individual. Our study would affirm whether such an 

advertisement would subconsciously encourage an individual to take riskier choices while at the 

casino or perhaps be more risk-averse. Consequently, the casino would be able to make more 

educated decisions in their marketing efforts. 

 

Literature Review 

 

This paper expands on ideas from a variety of papers. These papers look into two main areas: 

both risk modeling itself and the effect of framing on decision making. First, it is important to 

investigate the papers relating to various risk models. The paper The Utility Analysis of Choices 

Involving Risk by Friedman and Savage was a seminal piece of research in the field. The purpose 

of the paper was to model an individual’s risk curve using utility analysis. Examples of risk are 

given through the purchase of fire insurance and lottery ticket gambling. Friedman and Savage 

explore the implications that personal wealth may have on an individual’s risk preferences 

through their appetites for insurance and lottery tickets. Their paper posits that the utility curve 

of an individual differs based on the personal wealth of the individual. The curvature of the 

function in their paper explains why an individual is more risk loving when he or she has more 

personal wealth and risk-averse when he or she is poor. 

 

The second paper, The Utility of Wealth by Harry Markowitz builds upon the research conducted 

by Friedman and Savage. Harry Markowitz suggests that Friedman and Savage’s model does not 

fully explain an individual’s risk preferences when applied to insurance or lottery purchases. 

Markowitz argues one flaw of Friedman and Savage’s model lies in the fact that they believe 

those that are very wealthy would never take risks. Markowitz refutes this claim saying that even 

very wealthy individuals do in fact take risks and conversely, very poor individuals may be risk-

averse. Markowitz adjusts for this in his model by relating the utility curve to increases in 

wealth, resulting in a utility curve with three inflection points. 
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Third, Isen and Patrick wrote The Effect of Positive Feelings on Risk Taking: When the Chips are 

Down. Isen and Patrick performed two tests to analyze the influence of positive affect on risk 

taking. Their results showed that positive emotion did indeed have an effect on risk taking. 

Subjects who were primed towards positive emotions bet more than control subjects on a low- 

risk bet, but wagered less than controls on a high-risk bet. However their hypothetical risk taking 

test showed that in general subjects were more willing to take the chance as probability of 

success went up; but that elated subjects were more daring than controls on a “long shot.” 

 

Fourth, De Martino, Kumaran, Seymour, and Dolan wrote “Frames, Biases, and Rational 

Decision-Making in the Human Brain” where they investigated how “framing effects” can 

impact human rationality. Using MRI scans of brain reactions to decisions, the authors were able 

to determine how thought processes varied over different decisions. To complete the study, they 

used a few different ‘frames’ by asking the same question in multiple ways. They found that the 

way a question was asked or ‘framed’ had a significant effect on brain reaction and decision 

making. Specifically, they identified that people were more likely to gamble when presented 

with the “keep £20 of the £50” frame as opposed to the “lose £30 of the £50.” These results 

display how framing someone before making a decision encompassing risk and reward can have 

a substantial and measurable effect on the decision making process. 

 

The final piece of helpful literature is Data Collection in a Flat World: The Strengths and 

Weaknesses of Mechanical Turk Samples. The paper by Goodman, Cryder and Cheema examines 

the reliability of Mechanical Turk (MTurk) as a tool for gathering samples of data for scientific 

analysis and research purposes. The paper finds both important similarities and differences 

between samples gathered through MTurk and traditional means. MTurk samples are less likely 

to pay attention to the materials, which reduces statistical power; in addition, they tend to use the 

internet more often to gather answers even without incentive for correct answers. 

Nevertheless, Goodman et. al. found that MTurk samples still “produce reliable results consistent 

with standard decision-making biases….” The authors recommend the use of MTurk with 

several caveats, adding that researchers should include screening questions that gauge attention 

and comprehension, avoid questions with factual answers, and consider the socioeconomic 

backgrounds and respective influences. 

 

Survey Formulation and Strategy 
 

Each participant was randomly assigned one of the three surveys. In order to reduce the amount 

of time each participant would have to spend on the survey, the survey was divided into “blocks” 

of 21 or 22 questions. The complete survey consisted of 106 wager-related questions. After being 

randomly assigned one of the three surveys, the participant was then randomly assigned one of 

the five “blocks” of the complete survey. This method allowed us to reach out to a statistically 

significant number of participants without each participant having to complete the entire survey. 

We chose to create the survey using Qualtrics and administer the survey to participants through 
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Amazon’s MTurk. Furthermore, Amazon’s MTurk provided a platform that allowed us to 

provide monetary incentive to complete the survey. Upon completion of the survey, participants 

were given a randomized code that they entered into Amazon MTurk in order to be compensated. 

A total of 260 participants completed the survey.  

 

In order to objectively test the differences between an individual’s decision-making and risk-

preferences, we chose to administer surveys asking participants to make choices pertaining to 

dollar values. To test the decision-making of an individual who is exposed to media 

demonstrating risky behavior, we created a newspaper article on an individual who was able to 

win a large sum of money by gambling. Conversely, to test the decision-making of an individual 

that is exposed to media demonstrating risky behavior with a negative outcome, we created 

another article on an individual who lost his savings through gambling. Finally, a control survey 

without any article was used to compare a normal decision-making process to that of the risk-

seeking and risk-averse surveys.  

 

Respondents were asked to choose one out of two or three wager sets as a proxy for decision-

making. An example question is below: 

 

Please choose one choice among the following options: 

 Wager 1: $60, $56, $54, $42, $40, $36 

 Wager 2: $80, $75, $69, $27, $21, $16 

 

After choosing one out of two or three wager sets, the participant would randomly “receive” one 

of the six values in the set. Those that scored highest in the survey were given an additional 

monetary reward. Additionally, a timer of five seconds was placed on each question in order to 

make sure participants were fully considering the expected values and decision of each wager 

set. Once a participant completes the wager set questions, they were asked their gender, age 

group, and family/marital status.  

 

Experiment 
 

We created a discrete choice survey using Qualtrics. Each survey participant was given a 21-

question “block” to complete. The survey takers randomly received either the control, risk-

seeking, or risk-averse conditions before being asked to complete the question block. Those that 

received the risk-seeking or risk-averse conditions were required to read an article before 

completing the choice tasks. The choice tasks consisted of choosing one of two or three wagers, 

each with a set of six values. For each wager chosen, the participant would randomly “receive” 

one of the six values in the set. Participants were rewarded for the completion of the survey and 

the highest scorers were additionally compensated. 
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We set up a timer for each question in the survey, as we wanted to make sure that participants 

took the time to consider the different options. If given the risk-seeking or risk-averse articles, 

participants could not proceed unless they spent at least 25 seconds reading them. Participants 

were then required to spend at least 5 seconds on each subsequent question. The survey 

completion times and survey timers allowed us to filter the results. We did not include those that 

had finished the survey the quickest under the assumption that they did not fully consider each 

question if they were able to finish in such a fast time.  

 

Data Analysis 
 

After completing our experiment, we then had to organize and analyze our data. As previously 

mentioned, we used block sampling and Amazon’s Mechanical Turk to issue our survey and 

collect the data. Each participant randomly received one of the three conditions and then within 

that, randomly received a block of questions. The first step was to organize the data by test group 

(control, risk-averse, and risk-seeking). To account for people rushing to finish the survey, we 

issued the survey to 150% of our desired sample size. Once the data was organized by group, it 

was important to analyze the responses and remove the fastest participants from each block. By 

removing the fastest participants, we were able to account for the possibility of respondents 

making random choices to finish the task as quickly as possible instead of thinking about which 

wager to choose. In doing so, we narrowed our results to 50 respondents from each test group 

(ten people from each block with five blocks). Each of these respondents answered ~21 

questions after having been shown one of the three experimental conditions. 

 

Once we narrowed down our data to the selected sample size, we then had to recode the data into 

a more useful format. In order to run our analysis, we converted the survey responses into binary 

selection variables indicating which of the two or three wagers the participant selected. 

Additionally, since we had ten people from each of the five blocks, we then stacked the data by 

block creating what effectively acted as ten separate respondents to our 106 questions. The table 

below is a screenshot to show how we coded the data for the first five respondents. Of course, 

the real table went up to choice task 106. There are columns for each respondent to indicate 

which of the wagers the applicable respondent selected.  As they were choosing between two or 

three wagers, we used three columns and a binary system to indicate which wager was chosen.  

For example, for respondent 1, the second HH1 column has a “1” to show that he chose wager 2. 
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Through the binary labeling of wager choice, we were able to format the data in a way that 

would allow us to run the necessary risk preference models. Additionally, each choice task was 

labeled with the correlating wagers that the participants were choosing between. The table below 

shows the detailed description of each wager. For example, in choice task 3, the participants 

were asked to choose between wagers 3, 4, and 6 – which took on the values outlined in the 

following table.  The reward of the wager is simply the mean of the possible payouts and the risk 

is the standard deviation of the wagers. 

 

 
 

With our data formatted correctly for the analysis and narrowed down to our selected sample, it 

was possible to begin running our baseline analyses. It is important to note that for each step 

mentioned for the rest of the section, the process was repeated for our control, risk-averse, and 

risk-seeking groups.  The attractiveness of a wager for the respondent is defined by the 

Markowitz (1958) Model: 

             

 

Choice Task Wager 1 Wager 2 Wager 3 HH1 HH1 HH1 HH2 HH2 HH2 HH3 HH3 HH3 HH4 HH4 HH4 HH5 HH5 HH5

1 3 9 NA 0 1 0 0 1 0 0 1 0 0 1 0 1 0 0

2 2 7 8 0 0 1 1 0 0 1 0 0 0 0 1 1 0 0

3 3 4 6 0 0 1 1 0 0 0 0 1 0 0 1 0 0 1

4 11 12 13 0 1 0 1 0 0 0 1 0 0 1 0 1 0 0

5 1 5 9 0 0 1 1 0 0 0 0 1 0 0 1 0 1 0

6 2 8 NA 0 1 0 1 0 0 1 0 0 0 1 0 1 0 0

7 1 4 6 0 0 1 0 0 1 0 0 1 0 0 1 0 0 1

8 10 11 NA 0 1 0 0 1 0 0 1 0 0 1 0 0 1 0

9 3 5 7 0 0 1 1 0 0 1 0 0 1 0 0 1 0 0

10 1 8 NA 0 1 0 1 0 0 1 0 0 0 1 0 0 1 0

11 1 6 NA 0 1 0 0 1 0 0 1 0 0 1 0 0 1 0

12 4 5 9 0 0 1 0 0 1 0 0 1 0 0 1 0 1 0

13 7 8 NA 0 1 0 0 1 0 0 1 0 0 1 0 0 1 0

14 1 3 NA 0 1 0 0 1 0 0 1 0 0 1 0 0 1 0

15 11 12 16 0 0 1 1 0 0 1 0 0 0 0 1 0 1 0

16 2 6 NA 0 1 0 0 1 0 0 1 0 0 1 0 0 1 0

17 5 7 NA 0 1 0 1 0 0 1 0 0 1 0 0 1 0 0

18 1 3 9 0 0 1 0 1 0 0 1 0 0 0 1 0 1 0

19 2 4 6 0 0 1 0 0 1 0 0 1 0 0 1 0 0 1

Wager 1 2 3 4 5 6 Reward Risk

1 52 48 46 34 32 28 40 9

2 56 52 50 38 36 32 44 9

3 60 56 54 42 40 36 48 9

4 62 58 53 27 22 18 40 18

5 66 62 57 31 26 22 44 18

6 70 66 61 35 30 26 48 18

7 72 67 61 19 13 8 40 27

8 76 71 65 23 17 12 44 27

9 80 75 69 27 21 16 48 27

10 61 55 50 34 29 23 42 14

11 65 59 54 38 33 27 46 14

12 73 69 65 27 23 19 46 23

13 69 65 61 23 19 17 42 23

14 62 54 51 33 30 22 42 14

15 66 58 55 37 34 26 46 14

16 74 68 66 26 24 18 46 23

17 70 64 62 22 20 14 42 23
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The μ and σ represent the reward and risk of the wagers as defined above.  The α and β, on the 

other hand, are unknown variables that represent the sensitivity a respondent has to reward and 

risk, respectively.  The equation below outlines the predicted probability that a respondent would 

choose a certain wager. 

      
   

∑          
   

 

 

                                                                        

 

We then used the maximum likelihood technique to find the parameters of the model. To 

perform this technique, we compiled the likelihoods of observing all of the respondent’s choices 

for the 106 questions, which is the product of all the marginal probabilities associated with the 

various outcomes.  Then, using the results from the equation above, we maximized the sum of 

the natural logarithm of all of the collocated probabilities.  In completing this final step, solver 

found the alpha and beta values that best fit the model. 

 

In running solver, we maximized the sum of the log likelihood for each participant by changing 

the alpha and beta cells. In addition to running solver, we also looked at the hit-rate, which is 

calculated as the number of times the participant chose the “predicted” wager divided by the total 

number of choices. In thinking about how to determine the beta for the sample, we performed 

two separate analyses for each condition. 

  

First, using the data as displayed in the first table of the section, we found a separate alpha/beta 

for each of the ten participants and then took the average of those numbers to calculate the 

“alpha” and “beta” coefficients for each of our three conditions. The table below shows our 

process for the control sample. 

 

 
 

After running the model treating each respondent as a separate alpha/beta calculation, we then 

reformatted our data in order to calculate one beta, representing the entire sample for each 

condition as one respondent.  The table below is a screenshot of the new way our data was 

formatted. Instead of having ten respondents with 106 rows of data, we now had one respondent 

per condition with 1060 rows of data. 

 

1 2 3 4 5 6 7 8 9 10 Mean Median

Alpha 0.422 0.202 0.029 0.115 0.178 0.260 0.170 0.181 0.412 0.298 0.227 0.191

Beta 0.105 0.090 0.040 0.016 -0.031 -0.031 0.028 -0.080 -0.064 -0.068 0.000 -0.008

LL -59.488 -78.719 -96.283 -94.512 -88.248 -79.852 -89.206 -81.780 -62.958 -73.214 -80.426 -80.816

% Hits 0.679 0.660 0.575 0.491 0.575 0.660 0.528 0.632 0.679 0.651 0.613 0.642

Pseudo R^2 0.872 0.831 0.793 0.797 0.811 0.829 0.809 0.825 0.865 0.843 0.827 0.827
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Using the same steps as before, we calculated the beta and alpha coefficient for each of the three 

cases. The results of these calculations for each condition of the models are provided in the 

tables below.   

 

 
 

With all of our calculations complete under the Markowitz model, we then made a summary 

page comparing our results for each condition under the two model structures (ten respondents 

versus one respondent). This summary information is provided in the table below. 

 
 

After completing this analysis, we then looked to see how demographics may have played a role 

in shaping the responses of the participants. As shown in the following table, we added 

demographic data to our table that treated the respondents as “one” block sample. Using the 

Excel lookup formulas, we identified the gender, age, and family/marital status for the survey 

respondent’s data that comprised each row of the sheet. Since the first 21 rows represent the 

same respondent, it holds that the gender, age, and family/marital status are the same for those 

rows of the data. 

Q # Wager 1 Wager 2 Wager 3

1 3 9 NA 0 1 0

2 2 7 8 0 0 1

3 3 4 6 0 0 1

4 11 12 13 0 1 0

5 1 5 9 0 0 1

6 2 8 NA 0 1 0

7 1 4 6 0 0 1

8 10 11 NA 0 1 0

9 3 5 7 0 0 1

10 1 8 NA 0 1 0

11 1 6 NA 0 1 0

12 4 5 9 0 0 1

13 7 8 NA 0 1 0

14 1 3 NA 0 1 0

Wager Selection

Model 2 Results

Parameters Values Parameters Values Parameters Values

Alpha 0.193198851 Alpha 0.158024434 Alpha 0.163971822

Beta 0.000565526 Beta -0.00217082 Beta -0.03088238

LL -878.531452 LL -912.81954 LL -894.898045

% Hits 0.282075472 % Hits 0.29245283 % Hits 0.320754717

Pseudo R^2 -0.88485615 Pseudo R^2 -0.95841995 Pseudo R^2 -0.91997006

Risk/Reward 0.002927171 Risk/Reward -0.01373724 Risk/Reward -0.18833958

Control Risk Seeking Risk Averse

Alpha Beta Risk/Reward Alpha Beta Risk/Reward

Control 0.227 0.000 0.001 0.193 0.001 0.003

Risk Averse 0.187 -0.034 -0.181 0.164 -0.031 -0.188

Risk Seeking 0.178 0.000 0.001 0.158 -0.002 -0.014

Model 2 (one block beta)Model 1 (Average of all betas)
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In order to evaluate these demographic variables, we coded our data based on how people 

responded. For gender, males were coded as “0” and females as “1.” For age, we assigned people 

to four buckets: 0-18, 19-30, 31-50, and 51-65. These buckets were designated the values of 15, 

24.5, 40.5, and 58 to represent the expected average age in each group. For family/marital status, 

we also created four buckets: the first bucket was respondents who were single, the second 

bucket was respondents married without children, the third bucket was respondents married with 

children, and our final bucket was “Other.” 

 

In order to consider demographics in our analysis, we rethought how to look at the beta term for 

reach respondent. As the equation below illustrates, our measure for risk would be a factor of 

both the initial beta calculated above as well as a beta for each of the demographic variables. 

 

       ∑      

 

   

 

 

                                                                                  

                                                           

 

In order to solve for each of the betas, we used indicator variables. Using the demographic data 

columns added to the data earlier, we set up a table that indicated (using binary coding) which of 

the demographic categories was true for each respondent. The table below illustrates this process 

for the first six rows of data. 

 

Q # Wager 1 Wager 2 Wager 3 M/F Age Dem

1 3 9 NA 0 1 0 0 40.5 1

2 2 7 8 0 0 1 0 40.5 1

3 3 4 6 0 0 1 0 40.5 1

4 11 12 13 0 1 0 0 40.5 1

5 1 5 9 0 0 1 0 40.5 1

6 2 8 NA 0 1 0 0 40.5 1

7 1 4 6 0 0 1 0 40.5 1

8 10 11 NA 0 1 0 0 40.5 1

9 3 5 7 0 0 1 0 40.5 1

10 1 8 NA 0 1 0 0 40.5 1

11 1 6 NA 0 1 0 0 40.5 1

12 4 5 9 0 0 1 0 40.5 1

13 7 8 NA 0 1 0 0 40.5 1

14 1 3 NA 0 1 0 0 40.5 1

15 11 12 16 0 0 1 0 40.5 1

16 2 6 NA 0 1 0 0 40.5 1

17 5 7 NA 0 1 0 0 40.5 1

18 1 3 9 0 0 1 0 40.5 1

19 2 4 6 0 0 1 0 40.5 1

20 10 12 13 0 1 0 0 40.5 1

21 1 7 8 0 0 1 0 40.5 1

22 3 4 9 0 0 1 0 24.5 1

23 2 5 NA 0 1 0 0 24.5 1

24 6 8 NA 0 1 0 0 24.5 1

25 3 7 NA 1 0 0 0 24.5 1

Wager Selection
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With this information, we then used the following equation to find the new log likelihood of 

selecting the wager chosen.  

      
   

∑          
   

 

                   (∑         

 

   

 ) 

  

                                                                                  

                                                                       

 

Following the same process as before, we used solver to determine the beta coefficient for each 

of the demographic areas. Since we used indicator variables, we only needed to solve for one 

fewer betas than our amount of categories for each demographic trait. Therefore, we found one 

beta for gender, three betas for age, and three betas for marital/family status. The summary of 

these calculations with the resulting betas can be seen below. 

 

 
 

Finally, in preparation for the analysis of our results, we calculated the risk/reward ratio for each 

of the models. This ratio, beta/alpha, demonstrates how each respondent valued the trade-off 

between risk and reward when choosing wagers.  

 

Bm Bf B15 B24.5 B40.5 B58 B1 B2 B3 B4

1 0 0 0 1 0 1 0 0 0

1 0 0 0 1 0 1 0 0 0

1 0 0 0 1 0 1 0 0 0

1 0 0 0 1 0 1 0 0 0

1 0 0 0 1 0 1 0 0 0

1 0 0 0 1 0 1 0 0 0

Control Risk Seeking Risk Averse

β15

β24.5 -0.0169 0.0116 0.0095

β40.5 -0.0165 0.0029 -0.0126

β58 0.0788 -0.0478 0.0184

β1

β2 0.0504 -0.0185 -0.0356

β3 0.0175 0.0231 0.0099

β4 -0.0895 -0.1007 -0.0367

BASE CASE

βo -0.0216 0.0370 -0.0436

BASE CASE

G
en

d
er

A
ge

Fa
m

ily
 

st
at

u
s

βf

βm

BASE CASE

0.0302 -0.0535 0.0240
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Discussion of Results 
 

Through a comparison of the risk/reward tradeoffs for each Markowitz-based specification (one 

lumped beta, ten individual betas, and demographic-adjusted betas), we are able to analyze the 

impact that each of our test conditions had on participants’ wager selections. 

 

The table below illustrates the differences between the different test groups (control, risk-

seeking, and risk-averse), using the blocking method to achieve ten “individuals” per test group. 

This will be referred to as Model 1. Based on the risk/reward factor on the bottom row, we see 

that data supports part of our initial hypothesis: exposure to a story of risky failure (in the risk-

averse section) can – at least temporarily – have a visible effect on a person’s choices between 

different levels of expected return and risk. Looking at the risk/reward line of control compared 

to risk-averse, we see that there is a sizable shift in the participants’ risk tolerance, with the 

factor dropping from 0.001 to -0.181. However, we can only speculate at the actual mechanism 

through which this difference results; that is, whether the news story distorts the concept of risk 

in the participants’ “schema” or the participants are simply able to relate and cannot stomach a 

similar fate.  

 

 
 

Within the risk-seeking segment, though the factor is more positive than the risk-averse segment, 

we expected it to be positive and larger than 0.001, given the result in the control segment. This 

unexpected result could be due to the way the experiment was constructed. It is possible that just 

the mention of a gambling situation triggered some anxiety in the participant that led them to be 

more conservative in their choice of wagers. 

 

One interesting note is that the effect on the individuals in the risk-seeking condition was much 

more muted than the effect in the risk-averse condition. As a part of the experiment, we used 

equal magnitude losses and gains in the condition-based news stories.  That is, the stories 

depicted a loss of $20,000 or winnings of $20,000 depending on whether the responder received 

the risk-averse or risk-seeking condition, respectively. Our results are consistent with the 

research of Kahneman and Taversky (1979), who observed that individual’s utility functions are 

convex for gains and concave for losses, leading us to believe that when confronted with a loss 

of $20,000, an individual would report a much greater loss in utility than the utility gained from 

Mean Median Mean Median Mean Median

Alpha 0.227 0.191 0.178 0.171 0.187 0.196

Beta 0.000 -0.008 0.000 -0.006 -0.034 -0.029

L -80.426 -80.816 -84.581 -86.432 -84.050 -84.997

% Hits 0.613 0.642 0.594 0.571 0.575 0.604

Pseudo R^2 0.827 0.827 0.819 0.815 0.820 0.818

Risk/Reward 0.001 -0.040 0.001 -0.038 -0.181 -0.147

Control Risk Seeking Risk Averse
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winnings of $20,000. So, we believe we would have seen our expected result if we had 

magnified the gain in the news story. 

 

In the next table, there is a summary of the results for the consolidated data in which we assume 

there is only one individual with one beta per segment, instead of averaging the betas of ten 

individuals. This specification is referred to simply as Model 2. 

 

 
 

Below you can see the results of the two specifications side-by-side. The risk/reward factors of 

Model 2 (on the right) are consistent with those of Model 1 (on the left). Once again, the risk-

averse condition’s factor is much more negative than the control and risk-seeking conditions, as 

hypothesized.  

 

 
 

The next table displays the beta coefficients for the different demographic variables we included 

in the survey, in addition to the β0.  

 

 

Model 2 Results

Parameters Values Parameters Values Parameters Values

Alpha 0.193198851 Alpha 0.158024434 Alpha 0.163971822

Beta 0.000565526 Beta -0.00217082 Beta -0.03088238

LL -878.531452 LL -912.81954 LL -894.898045

% Hits 0.282075472 % Hits 0.29245283 % Hits 0.320754717

Pseudo R^2 -0.88485615 Pseudo R^2 -0.95841995 Pseudo R^2 -0.91997006

Risk/Reward 0.002927171 Risk/Reward -0.01373724 Risk/Reward -0.18833958

Control Risk Seeking Risk Averse

Alpha Beta Risk/Reward Alpha Beta Risk/Reward

Control 0.227 0.000 0.001 0.193 0.001 0.003

Risk Averse 0.187 -0.034 -0.181 0.164 -0.031 -0.188

Risk Seeking 0.178 0.000 0.001 0.158 -0.002 -0.014

Model 2 (one block beta)Model 1 (Average of all betas)

Control Risk Seeking Risk Averse

β15

β24.5 -0.0169 0.0116 0.0095

β40.5 -0.0165 0.0029 -0.0126

β58 0.0788 -0.0478 0.0184

β1

β2 0.0504 -0.0185 -0.0356

β3 0.0175 0.0231 0.0099

β4 -0.0895 -0.1007 -0.0367

BASE CASE

βo -0.0216 0.0370 -0.0436

BASE CASE

G
en

d
er

A
ge

Fa
m

ily
 

st
at

u
s

βf

βm

BASE CASE

0.0302 -0.0535 0.0240
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Gender 

 
 

As mentioned above, “female” was the base case for gender; thus, the male betas are taken as 

being 0.0302 greater than the female in the control group, 0.0535 less than females in the risk-

seeking group, and 0.0240 greater than females in the risk-averse group. Per the results, males, 

when not cued with any sort of salient story of risk, are on average more risk-seeking than their 

female counterparts. This result is consistent with the findings of many researchers. For instance, 

Byrnes, Miller, and Schafer (1998) conducted a meta-analysis of 150 studies and found that, in 

general, men are more willing to take risks than women.  

 

The more interesting results are in the risk-seeking and risk-averse points. The model indicates 

that men tend to respond more conservatively to the risk-seeking condition than women, while 

women react more conservatively than men to the risk-averse condition. This result indicates an 

interaction between gender and the conditional cue. 

 

Age 

 

         
 

The charts above represent the risk betas in each condition for the labeled age segment. In the 

control test, we see that the oldest age group responded in a more risk-seeking manner, all else 

equal, compared to the base case of <18 year olds. On the other hand, participants in the 19-30 

and 31-50 year old age groups responded more conservatively than the <18 year old group. This 

result could be attributed to the financial stability that those close to retirement age experience, 

while the young-adult to middle-aged groups are still in the wealth-building stages of life and are 

more protective of any wealth they’ve accumulated thus far.  
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For the risk-seeking condition, we see a completely opposite result across the board, indicating 

an interaction between age and the conditional cue. When coaxed by a risky situation with a 

positive outcome, graphically, we see a monotonically decreasing relationship between age and 

risk-taking behavior. In the risk-averse chart, we see that the 31 to 50 year old demographic, 

relative to the base case, responds with much more conservative wager choices when cued with 

the risk-averse condition; conversely, as in the control group, the 51+ age group responds with a 

more risk-seeking behavior compared to the control group, implying that their perception of risk 

is less likely to be distorted in older adults. 

 

Family Type 

 

        
 

The final demographic category we requested information about in our survey was family type. 

In the control chart, we see that those who selected “Single” for family type, on average, were 

more risk-averse than either married category (with or without children), though those 

participants married with children tended to be more risk-averse than those without children. 

This result makes sense if one believes that when couples become parents, they try to limit risky 

behavior that could potentially damage their families’ well-being. Those in the “Other” category 

were significantly more risk-averse than any other category in both the risk-seeking group and 

the control case. This category was composed of several widowed individuals; the loss of a loved 

one may be driving the more risk-averse behavior. Looking at the risk-seeking chart, one can see 

relatively unexpected results. We see that married couples with children act in a greater risk-

seeking manner than both participants married without children and singles. On the other hand, 

in the risk-averse chart, the older (and supposedly wiser) individuals are more turned off to risk 

by the news story than singles, affirming that individuals without families are more inclined to 

take risks even when confronted with a negative risky situation.  

 

Limitations 

 

First, we did not have the budget to pay people the actual amount they should have won after 

selecting a wager. With over 200 subjects completing the task, using real monetary prizes was 

not feasible. Since we did not use real rewards, we may have lost out on the authenticity of 
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people’s decision making. Without the large monetary incentives, people may have been more 

tempted to speed through the task and not fully consider each option. 

  

Second, people may have reacted differently to the articles based on psychological factors. Like 

with attitude toward risk, English comprehension or psychological reactions to reading stories 

may have impacted the responses of our subjects differently. Additionally, although we had a 

required time set for the question page, it is possible that the subjects may have not really read 

the article but instead just sat at the computer waiting until the timer ran out. We hope that by 

eliminating the fastest participants we removed this problem, but it is a potential limitation that 

should be noted. 

  

Finally, not accounting for prospect theory in our wager sets may have also had an impact on our 

results. According to prospect theory, the subjects would have been affected more by potential 

losses than potential winnings. Therefore, it is possible that our wagers, which were evenly 

distributed around the mean, did not accurately account for people’s greater aversion to losses 

than desire for gains. Perhaps, using wager sets with larger upsides or adjusting our risk-seeking 

condition story to have been a relatively larger win than the loss in the risk aversion story, would 

have yielded more accurate results. 

 
 

Additional Questions of Interest 

 

Our initial interest in exploring the differences between an individual’s decision-making and 

risk-preferences based on recent information read before making various decisions has led us to 

other possibilities of testing in order to corroborate our findings. Further experimentation could 

be explored to determine whether other media sources, such as a video, photographs, or an audio 

clip would have a different effect on the risk-seeking and risk-averse behavior of individual’s 

decision-making. Additionally, we would consider the impact of including losses in the wagers 

instead of formulating the experiment as we did (with less tangible downside risk). Along the 

same lines, we could examine whether the magnitude of the dollar values would have a more 

significant impact on individual’s decision-making and risk-preferences. 

 

Furthermore, we believe additional methods of analysis could be used to confirm and testify to 

the robustness of our results. Although there has been past literature on decision-making and 

risk-preferences, our method of objective testing through choice sets lacks peer review. 

Additional work in this area would be useful to affirm the statistical validity of our results. 
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Conclusion 

 

To conclude, our results do support our original hypothesis; that is, the behavior of risk-averse 

actors can be manipulated, to an extent and with varying expectations, through stories of 

different risky outcomes. We believe, however, the more interesting results arise when observing 

the interaction between different demographic variables and the conditional cues. Further 

research would be required, however, to determine whether the differences in behavior under the 

different conditions are indicative of the general population and not just our sample. 
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