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There are many problems in which one seeks to
Abstract— develop predictive models to map between a set of
Generating models from large data sets—amdedictor variables and an outcome. Statisticaktoo
deter-mining which subsets of data to mine—dsich as multiple regression or neural networks
becoming increasingly —automated. Howevefovide mature methods for computing model
choosing what data to collect in the first placgarameters when the set of predictive covariates
requires human intuition or experience, usually,y the model structure are pre-specified. For

supplied by a domain expert. This paper describe%)gample, a survey designer must have domain

new approach to machine science whic . ) o :
demonstrates for the first time that non-domal‘??qoert'Se to choose questions that will identify

experts can collectively formulate features, arficdictive covariates. _

provide values for those features such that they ar The need for the involvement of domain experts
predictive of some behavioral outcome of intere§&n become a bottleneck to new insights. However,
This was accomplished by building a web platforih the wisdom of crowds could be harnessed to
in which human groups interact to both respond fwoduce insight into difficult problems, one might
questions likely to help predict a behavioradee exponential rises in the discovery of the dausa
outcome and pose new questions to their peers. Tattors of behavioral outcomes, mirroring the
results in a dynamically-growing online survey, buxponential growth on other online collaborative
the result of this cooperative behavior also letmls communities. Thus, the goal of this research was to
models that can predict user's outcomes based @8 an alternative approach to modeling in which
their responses to the user-generated SUNVEY wisdom of crowds is harnessed to both propose

questions. Here we describe two web-bas tentially predictive variables to study by askin
experiments that instantiate this approach: thetfirﬁ yp y by g

site led to models that can predict users' mont%lestlons, and respond to those questions, in order

electric energy consumption; the other led de\_/elop a predl_ctlve merI.
models that can predict users' body mass index. W&Chine science is a growing trend that attempts to
exponential increases in content are often obsen@¢fomate as many aspects of the scientific method
in successful online collaborative communities, ti& possible. Automated generation of models from
proposed methodology may, in the future, lead data has a long history, but recently robot scisti
similar exponential rises in discovery and insighiave been demonstrated that can physically carry
into the causal factors of behavioral outcomes. gt experiments as well as algorithms that cycle
Index Terms—Crowdtranfaring, machine through hypothesis generation, experimental
science, surveys, sociahedia, human behavior design, experiment execution, and hypothesis
modeling refutation.. In the case of a prediction problem,
machine science is not yet able to select the
| INTRODUCTION mdependem variables that _mlght predlct_ an
outcome of interest, and for which data colleci®n
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required. approach a healthy body weight. Both instantiations
This project introduces, for the first time, @clude an element of competition by allowing
method by which non domain experts can Iparticipants to see how they compare with other
motivated to formulate independent variables participants and by ranking the predictive quadity
well as populate enough of these variables fguestions that participants provide.
successful modeling. In short, this is accomplished For example within the largest online
as follows. Users arrive at a website in which allaborative project, Wikipedia, article writers
behavioral outcome (such as household electricitffen broadcast a call for specialists to fill ietails
usage or body mass index, BMI) is to be modeled! a particular article. The response rates to such
Users provide their own outcome (such as their oRR€r-generated requests are enormous, and have led

predictive of that outcome (such as “how often pefoJect. Some platforms allow users to actively

week do you exercise’). Periodically, models ap@rticipate by searching for items of interest or
olve problems through a game interface. The

constructed against the growing data set that grred; . .
, 9 meg g e %{stem proposed here falls into this latter catggor
each user's behavioral outcome. Users may alsg

ose their own questions that. when answered sers are challenged to pose new questions that,
P 'r own quest r W W Men answered by enough of their peers, can be

other USErs, become new independent vanablesuérg_}d by a model to predict the outcome of interest.
the mo‘?'e"”g Process.. In €SSence, .the task Olf—'inally, problem solving through crowdtranfaring
discovering and populating predictive independefly o duce novel, creative solutions that are
variables is o_utsourced to the user community. substantially different from those produced by
Crowdtranfaring experts. An iterative, crowdtransfered poem
The rapid growth in user-generated content on ttranslation task produced translations that weth bo
Internet is an example of how bottom-ugurprising and preferable to expert translations. W
interactions can, under some circumstance&fnjecture that crowdtransfaring the selection of
effectively solve problems that previously requirepredictive variables can reveal creative, unexpkcte
explicit management by teams of expertgredictors of behavioral out-comes. For problems in
Harnessing the experience and effort of largehich behavioral change is desirable (such ases th
numbers of individuals is frequently known asase with obesity or energy efficiency), identifyin
“crowdtranfaring” and has been used effectively inew, unexpected predictors of the outcome may be
a number of research and commercial applicationseful in identifying relatively easy ways for

. For an example of how crowdtranfaring can hadividuals to change their outcomes.

useful, consider Amazon's Mechanical Turk. In this . METHODOLOGY

crowd-sourcing tool a human describes a “Human.l_he svstem described here wraps a human
Intelligence Task” such as characterizing daf)a y b

transcribing spoken linguae or creating da ehavior modeling paradigm in cyber infrastructure

. . : ) Qch that: (1) the investigator defines some human
visualizations. By involving large groups o
humans in many locations it is possible to comple

ehavior-based outcome that is to be modeled; (2)
tasks that are difficult to accomplish wit ta is collected ”Of“ human volunteers; . )
. ... (3) Models are continually generated automatically;
computers alone, and would be prohibitivel .
expensive to accomplish through traditional expeé—n d (4) the volun_teers are_motwgted {0 propose new
independent variables. Fig. 1 illustrates how the

driven processes. . ) . i .
t|(£1(\{est|gator, participant group and modeling engine

for the body mass m_dex task, USErs are motlvawork together to produce predictive models of the
to understand their lifestyle choices in order to
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outcome of interest. The investigator begins by

constructing a web site and defining the humarUsers who visit the site first provide their

behavior outcome to be modeled (Fig. 1a). In ti ividual value for the outcome of interest, sash

- . eir own BMI. Users may then respond to
paper a financial and health outcome we estions found on the site. Their answers are

investigated: ~ the  monthly  electric  energitored in a common data set and made available to
consumption of an individual homeowner (Seahe modeling engine. Periodically the modeling
), and their body mass index (Sect. IV). thengine wakes up (Fig. 1m) and constructs a matrix

investigator then initializes the site by seedilng‘i[éE Rk and outcome vector B of length n from

. . e collective responses of n users to k questions
with a small set (one or two) of questions known ig. 1n). Each elementjain A indicates the

correlate with the outcome of interest (Fig. 1mr Fresponse of user i to question j, and each eletment
example, based on the suspected link between fasB indicates the outcome of interest as entesed b
food consumption and obesity we seeded the BNMEer i.

website with the question “Howany times a week

doyou eat fast food? . : . . .
Figure 1.0Overview of the figure. The investigator

(a-f) is responsible for initially creating the web

Algorithm:- L ) .
" Befine outcome | [ PFrovide outoome | platform, and seeding it with a starting question.
@ ! o) Then, as the experiment runs they filter new survey
‘ Pose seed question | Select unanawered | questions generated by the users. Usg# (nay .
) question elect to answer as-yet unanswered survey questions

o) or pose some of their own. The modeling engine
(m-p) continually generates predictive models

Respond

kol M to question? using the survey questions as candidate predictors

| s decsion? g of the outcome and users' responses as the training
N Stare response; show| data.was used to construct models of the outcome
- madel predictian % (Fig. 10), but any model form could be employed.

posed qusstion i The modeling process outputs a vector C of length
siitabley Pose a N k + 1 that contains the model parameters. It also

guestion?

outputs a vector D of length k that stores the
predictive power of each question: slores the?r

‘ Add gusstion to pogl I»

i8) Email posed guestion| | value obtained by regressing only on column j of A
Discard question |- to vestigator against the response vector B. These two outputs
0 are then placed in the data store (Fig. 1p).

At any time a user may elect to pose a question of
their own devising (Fig. 1k,l). Users could pose
guestions that required a yes/no response, a five-
level Likert rating, or a number. Users were not
constrained in what kinds of questions to pose.
However, once posed, the question was filtered by
the investigator as to its suitability (Fig. 1d). A
guestion was deemed unsuitable if any of the
following conditions were met:

Home | Answer and Review Questions | Submit Question | Logout | Remove Me From Study

Your actual BMI is: 23.85

CrowdTransfaring Mediators of Behavioral R
Your predicted BMI is: 19.77

Questic

Question

. . BMI
You have answered all available questions!

How many times a week do you eat fas
Plaaca ciithmit comea of vatir owmn ciliactinne
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(b) Response rate vs. 2
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(d) Questions sorted by responses
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) _ _ _ answered all available questions, they were shown a

(55,0595 Sohn oe. | would ke o know 1., isting of the questions, their responses, and
thereby contravenintipe Institutional Review contextual information to indicate how their
Board approval for these experiments; responses compared to those of their peers. Fig. 2

(2) The question contained profanity or hatefyhqs the listing that was shown to those users who
text; (3) the question was inappropriately cormilatparticipated in the BMI site; the individual elenten
with the outcome (e.g. “Whas your BMI?). If the  5re explained in more detail in Sect. IV.
question was deemed suitable it was added to thene most important datum shown to each user
pool of questions available on the site otherwi® ffter responding to each question was the value of
question was discarded. Each time a user respongiegt actual outcome as they entered;it & well as
to a question, they were shown a new, unanswetiegir outcome as predicted by the current model (
guestion as well as additional data devised Ra. 2 illustrates that visitors to the b
maintain interest in the site and increase th&MI site were shown their actual BMI (as entered

participation in the experiment. Once a user hlagthem) and their predicted BMI. The models were
able to predict each

user's outcome before they had responded to evaysumers themselves, in a bottom-up fashion, may
question by substituting in missing values. Thisave value in terms of motivating energy efficient
after each response from a user behavior.
- Thus motivated, we designed the “Energy
bi = Co+ C1an + G2 + ... + Gak + O (1) Minder” website to predict and_ proyide feedb_a_ck
where @ = 0 if user i has not yet responded tabout monthly household (residential) electricity
question j and jais set to the user's respons€onsumption. Participants were invited to join the
otherwise. site through notices in university e-mail networks,
Il ENERGY EEEICIENCY INSTANTIATION university newgletter, an_d reddit, a user-generated
content news site. The site was launched in July of
AND RESULTS
he fi . . ¢ thi 2009, and gradually accumulated a total of 58
In the first instantiation o this -concept, Weqjistered users by December of 2009. The site
de\{elopgd a wgb-based social ne_twork to mo% sisted of a simple login page and five simple,
residential electric energy consumption. interactive pages. Thélome Page(after login)
Therefore, information generated largely by energynaineq a simple to-do list pointing users tdgas
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on the site, such as, enter bill data, answbe months of June, July or August. Because this
questions, check their energy efficiency rankingas the largest period for which common data were
etc. TheEnergy Input Pageshowed a time serieqvailable, the mean outcome for these three months
trend of the consumer's monthly electricity@s used as the outcome variable Dne
consumption and asked the user to enter fticipant reported kWh values that were far

kilowatt hours (kWh) consumed for recent month§h did not answer an i Th wo dat
This value became the output variable) (b the € O answe y questions. These two gata

) . ets were discarded as outliers. The N = 22 that
regression model (Eg. 1) for a particular montre T mained comprised the sample-set used to produce

Ask-A-Question Pageallowed users to askine results that follow.

questions of thgroup, such as “How many pets do Table | shows results from two predictive models.

you have?” (Question 10, Table I). When typing {jodel 1 included all questions that had 18 or more
a new question, users were instructed to specéy #hswers (@Qy). The total explained variance for
type of answer expected (numeric, yes/ndlodel 1 was %= 0.63. Model 1 indicated that the
agree/disagree) and to provide their own respofisgnber of adults in the home {Qsignificantly

to the question. Thanswer Pagasked participantsincreased monthly electricity consumption (P <

: . 05) and the ownership of a natural gas hot water
to respond to questions, and provided them Wﬁ ater (@ significantly decreased electricity

information ~ about each answered questiggnsumption (P < 0.05). Note that this second tesul
including the distribution of answers within thé not consistent with the fact that owning an
social network. Finally, &Ranking Pageshowed electric hot water heater increases electricity

users their energy consumption, relative to that @nsumption. It appears either that this corretatio
@s due to chance, or that ownership of a gas hot

others in the group. In addition the Ranking Pa
grotip 9 9; ter heater correlates to some other factor, agch

repor'Fed the _predictive power (J_[h? perc?”t‘?‘ge( r example) home ownership. Model 2 tested the
explained variance) for each statistically sig@ifit removal of the least significant predictor s, and

question/factor. This final page was intended jifcluded only Q, Qs, and Q. Model 2 showed the
provide information to participants that might helpame pair of statistically significant predictof33(
them in choosing behaviors that would redué&d Q).
electricity consumption. Figure 3 shows the relative predictive power of
In total the site attracted 58 participants, of mhothe 10 questions. The results show that the most
46 answered one or more questions, and 33 (579@hly correlated factors (Q Qs, and Q) were
provided energy consumption data. Eight ndypsed after the initial two seed questions (Fig. 3a
questions were generated by the group, after angl a weak correlation between the response rate
seed questions ¢and Q in Table I) were placedand the % values, indicating that more answers to
there by the investigators. The fact that only abdlieéstions would have likely produced improved
half of the participants provided energy data wEgsults. Panels (c) and (d) show the distributiohs
most likely due to the effort associated with fingli r? values and the number of responses, to facilitate
one or more electricity bills and entering datainfomParison with the BMI.
the site. This low response rate emphasized tleat th o _ o
utility of this approach depends highly on the easdVhile the small sample size in this study limits
with which the user can access the outcome datathe generality of these results, this initial trial

Despite the small sample size, this initial grigrovided  useful i_nformation abo_ut the
resulted in a statistically significant predictive’owdtranfered modeling approach. Firstly, we

method. Of the 33 participants, 24 provided data f§ovide accurate outcome data due to the challenge
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Our second

Issue-6, July 2014 ISSN 2348-6848

experiment corrects this problem by focusing on an
outcome that is readily accessible to the general

public. Secondly, we found that participants were

quite willing to answer questions posed by others i

the group. Questions 1-4 were answered by over

70% of participants. This indicated that it is

possible to produce user-generated questions and
answers, and that a trial with a larger sample size

might provide more valuable insight. Finally,
guestions that were posed early in the trial gased

higher response rate, largely because many users

did not return to the site after one or two visithis

emphasizes the importance of attracting users back

to the site to answer questions in order to proguce
statistically useful model.

Table |

ENERGYMINDER WEB SITE

QUESTIONS ENTHRENTO THE

# of answer Model 1** Model 2**

Questiol Type answer inG Ci P C P
1. What1sthe square footage of your hous NUMETIC 15 22 0 0.52 - -
2. How many children do you live with Numeric 41 22 10¢ 0.47 - -
3. How many adults do you live wit Numeric 43 22 303 0.0 297 0.01
4.  How many south facing windows do you ha Numeric 42 22 -11 0.77 - -
5. Do you have an electric clothes dry yes/nc 35 19 43C 0.2z 24C 0.2¢
6. Do you have an electric water hea yes/nc 33 18 -577 0.04 -53E 0.01
7. Do you have gas heatir yes/nc 34 18 18¢€ 0.44 - -
8. Do you have geothermal heati yes/nc 16 10 - - -

How many adults are typically home through
9. theday Numeric 17 10 - - -
10. How many pets do you hav Numeric 15 9 - - -

R? value for predictive mode 0.62 0.57

V1.
DISCUSSION/CONCLUSIONS

This paper introduced a new approach to
social science modeling in which the participants
themselves are motivated to uncover the
correlates of some human behavior outcome,
such as homeowner electricity usage or body
mass index. In both cases participants
successfully uncovered at least one statistically

significant predictor of the outcome variable. For
the body mass index outcome, the participants
successfully formulated many of the correlates
known to predict BMI, and provided sufficiently
honest values for those correlate s to become
predictive during the experiment. While, our
instantiations focus on energy and BMI, the
proposed method is general, and might, as the
method improves, be useful to answer many
difficult questions regarding why some
outcomes are different than others. For example,
future instantiations might provide new insight
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into difficult questions like: "Why do grade 9943-9948, 2007.
point averages or test scores differ so greatly [2]J. Evans and A. Rzhetsky, “Machine
among students?", "Why do certain drugs work science,”Sciencevol. 329, no. 5990, p. 399,
with some populations, but not others?", "Why 2010.
do some people with similar skills and  [3IR.D.King, K. E. Whelan, F. M. Jones, P. G.
experience, and doing similar work, earn more K. Reiser, C. H. Bryant,

than others?" SH Mu“ggleto_n, D. B. KeI_I, and S. G
Oliver, “Functional genomic hypothesis

De§p|te this |n|t|al_ SUCCESS, much yvork generation and experimentation by a robot
remains to be done to improve the functioning of scientist,” Nature vol. 427, pp. 247252,

the system, and to validate its performance. The 2004.
first major challenge is that the number of [4)R. King, J. Rowland, S. Oliver, M.
questions approached the number of participants Young, W. Aubrey, E. Byrne,

on the BMI website. This raises the possibility M. Liakata, M. Markham, P. Pir, L.
that the models may have overfit the data as can Soldatova et al, “The automation of
occur when the number of observable features science,”Sciencevol. 324, no. 5923, p. 85,

approaches the number of observations of those 20009.

features. Nevertheless the main goal of this [5]J. Bongard, V. Zykov, and H. Lipson,
paper was to demonstrate a system that enables ~ “Resilient machines through continuous self-
non domain experts to collectively formulate modeling,” Science vol. 314, pp. 1118-
many of the known (and possibly unknown) 1121_’ 2096' ,

predictors of a behavioral outcome, and that this [6]‘;]' Giles, Intern?t encyclopedias go head to
system is independent of the outcome of interest. 283% Nature vol. 438, no. 15, pp. 900-901,
One method to combat overfitting in future ’

instantiations of the method would be to

dynamically filter the number of questions a user

may respond to: as the number of questions

approaches the number of users this filter would

be strengthened such that a new user is only

exposed on a small subset of the possible

guestions.
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