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BRIEF SUMMARY OF THE INVENTION 

[0015] The invention involves some or all of an Input Unit, 
a Combining Unit, an Input Valuation Unit, and a ReWard 
Unit (this list is not meant to be inclusive). 

[001 6] The Input Unit is a facility or medium in Which users 
can register opinions. A non-inclusive, list of Workable Input 
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Units is: an electronic listing of musical recordings With 
attached means for the input of ratings of those recordings, an 
electronic listing of securities With input means for predic 
tions of price movements of those securities, and “message 
boar ” or “discussion group” softWare in Which messages can 
be rated by the readers of those messages. 

[0017] The Combining Unit is a calculating mechanism 
accepting input received from a plurality users and combining 
it into a single value. In various embodiments, arithmetic 
averaging, geometric averaging, meta-analytical, or Bayesian 
calculations, among other possibilities, are used. Bayesian 
expectations based upon the beta or Direchlet distributions 
are among the applicable Bayesian calculations. Meta-ana 
lytical calculations include the inverse normal method and 
Fisher’s inverse chi-square method. The Combining Unit is 
used to detect an overall group opinion, such as stock market 
prediction or rating of a message, in the input given by users 
regarding an item. 

[0018] When using the inverse normal meta-analytical 
method, a correlation matrix betWeen the various users’ rat 
ings can be calculated and used in calculating the combined 
p-value. 

[0019] The Input Valuation Unit has responsibility for 
determining the value of each user’s input to the system. 

[0020] The key values involved in this calculation are the 
accuracy, timeliness, and volume of the user’s ratings. HoW 
ever various embodiments may also incorporate to other val 
ues, or leave one or more of the mentioned values out of the 
calculations. 

[0021] Some embodiments do this by assigning a value to 
every rating individually, then summarizing this information 
to create an assessment of the user Who generated those 
ratings. Some embodiments never create an individual value 
for each rating, but rather use the ratings supplied by each user 
in to calculate an overall valuation of the individual’s contri 
butions. 

[0022] The key attributes Which are considered by the cal 
culations for the value of individual ratings are their timeli 
ness and accuracy. 

[0023] In various embodiments, accuracy measurements 
for individual ratings are based on the difference betWeen the 
individual’s rating and the population average, the absolute 
value of that difference, the square of that difference, and 
other calculations that are representative of What is intuitively 
understood as the general degree of nonsimilarity betWeen 
tWo values. In some such embodiments the individual’s rating 
is ignored in counting the population average. In some others 
all ratings supplied earlier than the one in question are ignored 
due to their possible in?uence on the mindset of the rater. 

[0024] Accuracy measurements for the individual’s overall 
contribution may be created by ?rst calculating accuracy for 
the individual ratings and then calculating their (arithmetic or 
geometric) average or a Bayesian expectation or a Z-score of 
statistical signi?cance calculation for any tendency toWard 
accurate or inaccurate ratings, or, in still further embodi 
ments, other approaches are used. Alternatively, no measure 
of the individual value of each rating is calculated, and 
instead, an overall measure such as statistical correlation is 
used. When correlation is used, the correlation is measured 
betWeen the user’s ratings and the population averages, 
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Which, in various embodiments, may exclude the user’s rat 
ings and/or all previous ratings. Some other embodiments use 
such techniques as normalizing the difference betWeen the 
individual rating and the population to be a real number 
betWeen 0 and 1 Which is uniformly distributed under the null 
hypothesis of randomness; such normalization techniques 
enable further statistical calculations to be carried out, such as 
combining these differences (Which can noW be considered to 
be p-values) using meta-analytical calculations including the 
inverse normal technique and Fisher’s inverse chi-square 
technique. Some other embodiments calculate a Bayesian 
expectation of these differences, Where the difference are or 
are not normalized, according to the particular embodiment. 
This list, like other such lists in the summary, hoWever, is for 
purposes of example only and is not meant to be inclusive. 

[0025] Where population averages are mentioned in the 
above paragraphs, some implementations use a Bayesian 
expectation of the next rating generated by the population 
rather than use the average itself. 

[0026] When Bayesian expectations are mentioned, vari 
ous embodiments base such calculations on the beta and 
Direchlet distributions, and other distributions. 

[0027] In some embodiments Which Work in conjunction 
With external markets such as stock prices on the NeW York 
Stock Exchange, accuracy is determined by comparing the 
predictions of users With the valuations that eventually 
emerge in the market. A prediction that a stock Will have a 
certain price at a future date and time can be considered a 
rating of the stock. If that rating differs from the current price, 
the rater is saying that he disagrees With the overall ratings 
currently provided by the community as a Whole, but thinks 
that the community Will agree With him at the future date and 
time. Thus some of accuracy calculations described above, 
such as the correlationbetWeen the user’s rating and the rating 
the community as a Whole, are calculated in various such 
embodiments. 

[0028] Similarly, in embodiments Where the items being 
rated are Web pages (identi?ed by URL’s), the ultimate opin 
ion of the community of a page is re?ected in the relative 
number of links, taken from across the Web, that ultimately 
point to that page. Calculations in this and other cases similar 
in their basic natures (although not necessarily involving 
URL’s or stock prices) are carried out similarly. 

[0029] In some embodiments users don’t predict speci?c 
prices. Instead they make simpler predictions such as the 
direction of movement. In one such embodiment, the user can 
predict an upWard or doWnWard movement, or make no pre 
diction at all if he thinks the situation Will stay the same or if 
he doesn’t feel he has cause to predict one Way or the other. On 
this basis, a 0 or 1 is assigned as the rating, depending on 
Whether the prediction is for a doWnWard or upWard move 
ment, in that order. Then, at the time the prediction is sup 
posed to have taken place, the system determines the actual 
direction of movement. If the stock has gone doWn, a 0 is 
assigned as the rating marketplace’s rating. If it stayed the 
same, 0.5 is assigned. If it Went up, 1 is assigned. Then, the 
correlation is calculated as described elseWhere betWeen the 
individual’s rating and the overall rating. In other similar 
embodiments, other calculations are used to determine the 
accuracy. 

[0030] Timeliness is another key value used by the Input 
Valuation Unit in many embodiments. It refers to hoW early a 
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rating is inputted by the user, since the earlier a rating is 
inputted, the less likely it is to be in?uenced by other people’s 
ratings of the same item, and therefore the more likely it is to 
re?ect the user’s actual prescience in predicting the ultimate 
opinion of the population. Timeliness is not alWays included 
in the calculations, hoWever; for instance, in embodiments 
Where there is no Way for users to “cheat” by only giving their 
oWn ratings after they have seen the ratings of others, timeli 
ness becomes less important or even irrelevant. An example 
of this is cases Where ratings are not made public until a 
certain point in time, When the overall opinion of the popu 
lation is calculated and displayed. 

[0031] Various embodiments use various techniques for 
calculating the timeliness value. 

[0032] The most basic calculation simply counts the num 
ber of ratings of the item Which are previous to the rating in 
question; the “best” timeliness value, then, is 0. 

[0033] In some embodiments it is considered to be math 
ematically convenient to have a number betWeen 0 and 1. For 
instance, in many such embodiments, l/n, or l-l/n, Where n is 
the position of the rating in time (1“, 2nd, and so on), is used. 
In some others, n/N, Where N is the total number of ratings for 
the item, is used, Which We consider to be a ranking normal 
ized to the unit interval (and the normalized rank of a ran 
domly chosen user is uniformly distributed on that interval). 
One key difference betWeen these calculations is the fact that 
the calculations based on l/n are scaled such that small dif 
ferences in the loWer values of n have more import than small 
differences betWeen large of n. That is l/l is quite different 
from 1/2 (remembering that the range is 0 to l), but I/ 999 is 
not very different from I/ 1000. This is consistent With the 
intuitive fact that the user inputting the ?rst rating for an item 
has no chance of “freeloading” by copying the rating of 
anyone else, While the second user to rate can copy the ?rst 
rating; that ?rst rating, if the ?rst user is skilled at rating, may 
accurately re?ect the eventual average rating of the entire 
population; this Would enable the second user to appear to be 
an accurate rater When in fact he is only an accurate copier. 
Similarly, the 3rd rater can use the average of the ?rst tWo 
ratings, but the value of being able to use 2 prior ratings rather 
than 1 is less than the value of being able to use 1 rather than 
0. 

[0034] The cumulative exponential distribution provides 
another technique for calculating a timeliness value that gives 
more importance to differences in small n’s, and has certain 
theoretical advantages as Well. 

[0035] HoWever, timeliness values based on a uniform dis 
tribution have the advantage of being p-values under the null 
hypothesis of randomness, and therefore are amenable to 
meta-analytical combining techniques for combining the 
timeliness With the accuracy and/or volume of the user’s 
ratings to calculate a statistical signi?cance, in embodiments 
Where those values, too, can be considered to be p-values. 

[0036] Some values combine the timeliness of the rating 
under consideration (for instance, the number of earlier rat 
ings) With the total number of ratings, due to the fact that 
When there are more ratings, the population average is more 
meaningful. Ranking (comparing the number of ratings for 
the current item to the number of ratings for other items), 
exponential and other calculations similar to those already 
described are used to derive a value representing the magni 
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tude of the collection of ratings for the item in question are 
used in various embodiments; then these tWo timeliness-re 
lated values are combined by multiplication or other means. 

[0037] When an embodiment involves long-term items 
such as stocks Which have values that change over time, and 
for Which an individual rating can be made, at any time or at 
many times, regarding the future community rating of the 
item, some of the timeliness calculations mentioned above, 
Which assume a ?rst rating, are not applicable. In such 
embodiments other mechanisms are used. One example is a 
set of embodiments that alloW individuals to make predictive 
ratings regarding the question of What the community rating 
Will be at some time in the future, also speci?ed by the 
individual. One such embodiment calculates the difference 
betWeen the time a rating is made, and the time the rater 
expects the community to agree With him (an example being 
a prediction that a stock Will reach a certain price at a certain 
date and time in the future). The average such difference is 
calculated for each individual, and than the differences are 
ranked. This ranking is made into a unit interval rank and is 
used similarly to the other timeliness calculations already 
described. 

[0038] Thus a user can obtain a better reputation for adding 
value to the system by making longer-range stock market 
predictions, assuming such predictions tend to be as accurate 
as those of someone else Who tends to make shorter term 
predictions. 

[0039] The volume value, representing the number of rat 
ings inputted by a given user, in various embodiments, is also 
massaged by means similar to those already described. A rank 
on the unit interval, is, in some embodiments, created by 
comparing the current user’s volume to the volume of ratings 
generated by other users; in others the number of ratings 
generated by the current user is used to divide one; in others 
a cumulative exponential distribution is computed; in others 
other massaging techniques are used. 

[0040] One or more of the values of accuracy, timeliness, 
and volume are then combined With each other and/or With 
other values to compute an overall valuation of an individu 
al’s ratings. 

[0041] Some preferred embodiments do this by multiply 
ing values Which have all been normaliZed to the unit interval 
and such that the best value in each case is l. The product Will 
only be near 1 if all of the factors are near 1, meaning that the 
user’s ratings tend to be accurate and timely, and that he 
generates a good number of ratings. In one preferred embodi 
ment, accuracy is calculated by the correlation betWeen the 
user’s ratings and the population average, timeliness is cal 
culated by l/n, and volume is calculated by ranking the users 
according to each user’s volume of ratings and generating a 
unit interval rank such that, if M is the number of users, the 
best rank is M/M (that is, l) and the Worst is l/M. These values 
are multiplied together; the users Who add the mo st value With 
their ratings Will have a product near 1. In some variants of 
these embodiments, Weights are applied by taking one or 
more of the values to be multiplied to a poWer. For instance, 
if it Wants to tune the system to motivate users to generate 
more ratings, and embodiment can square the volume value 
before multiplying it With the other values. 

[0042] Some other embodiments using ranking techniques 
to generate unit interval ranks for all values to be considered 
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as p-values Which, under the null hypothesis that all rankings 
are random, can be combined via meta-analytical techniques 
to generate a combined p-value representing the con?dence 
With Which We can reject that null hypothesis (i.e., accept the 
conclusion that the combined p-value is near an extreme 
because all the values are good). In some meta-analytical 
techniques, Weights can be applied to the p-values being 
combined, analogously to applying Weights before multiply 
ing the values. 

[0043] When using the inverse normal meta-analytical 
method, a correlation matrix betWeen the three variables to be 
combined can be calculated and used in calculating the com 
bined p-value. (This example should not be construed to 
exclude other Ways of taking advantage of the correlation 
matrix.) 
[0044] Other embodiments use such techniques as simple 
arithmetic averaging and computing a Bayesian expectation. 

[0045] The ReWard Unit’s purpose is to provide incentive 
for users to do the ?ltering and discovery Work necessary to 
unearth the valuable items, be they stock picks, songs, mes 
sages on message boards, or other kinds of items. 

[0046] One set of embodiments involves ReWard Units that 
are based on providing earlier access to timely information to 
the people that add the most value to the system. This is the 
Early Access Unit. 

[0047] For instance, some embodiments look for cases 
Where several people are making similar predictions for stock 
market movements, Where those people have a record for 
accuracy in past predictions, and When the agreement of so 
many people is unlikely to be due to chance alone. Thus, such 
a combined prediction may be of value. Since the earlier an 
investor knoWs What is going to happen in the stock market, 
the more likely he can make money from that knoWledge, it 
can be expected that an investor Who is also a rater in a system 
built on this invention Would be motivated to provide a greater 
number of earlier, more accurate predictions so that he Will 
get, in a more timely fashion, the bene?t of the system’s 
searches for unusual agreement among predictions. 

[0048] Other embodiments of the Early Access Unit are 
applicable to online message boards. Sites such as The Mot 
ley Fool’s fool.com alloW users to enter ratings for messages 
in their message boards. 

[0049] Users Who subsequently come to the board then 
have the bene?t of this screening and can avoid messages that 
are less highly-rated. This is considered to be a valuable 
service. Therefore embodiments Which stagger the time 
elapsed before a user gets to see a rating provide a Way to 
reWard certain individuals. 

[0050] In one such embodiment, the rating summariZation 
to be displayed on the board are calculated once per minute, 
in tWo different versions. The “elite” version summarizes the 
ratings based on all ratings that have been received up to that 
point in time. (SummariZation takes various forms in different 
embodiments; for instance, in some embodiments it simply 
consists of counting the number of “thumbs up” ratings 
received by an item.) Thus, this elite version is the same as 
most current presentations. The “normal” version ignores all 
ratings submitted Within some time period, for instance, the 
most recent 15 minutes. Thus, such an embodiment can 
present the elite display to the feW people Who contribute the 
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mo st to the system through timely, accurate, and voluminous 
ratings, Whereas most people Would see the normal version. 
In other embodiments, many different levels of display are 
used rather just tWo, up to the extreme of having a slightly 
different delay period for each user. 

[0051] The Early Access Unit is only Worthwhile as a moti 
vator in domains Where timeliness is important. A discussion 
group focusing on neWs relevant to the state of the stock 
market, populated by serious investors (particularly day-trad 
ers), is one such domain. A discussion group populated by 
general neWs professionals, trying to get the latest scoop 
before the population in general, Would be another example. 
Note that in domains such as the one in this paragraph, a Way 
for a user to improve his timeliness ratings is to submit his 
oWn message, Which Would be a valuable message, and to rate 
it highly. That Way he is assured a perfect timeliness value for 
that item. (Note that in most such embodiments, the popula 
tions ultimate rating of items submitted by a user is part of the 
overall calculation for the value added by the user to the 
system.) 
[0052] Another set of embodiments use a ReWard Unit We 
Will refer to as the Public Reputation Unit. The purpose of this 
unit is to reWard people Who contribute timely, accurate, 
and/or voluminous ratings to the system through publicly 
enhancing their reputation. 

[0053] Various embodiments do this by such means as pre 
senting a ranked list of the top contributors (akin to the lists of 
top scorers seen in many video games) and providing a sum 
mary of the user’s contributions When a page dedicated to the 
user is brought up. 

[0054] Some embodiments provide the opportunity for 
users With the highest reputations to be paid for making 
further contributions in the form of ratings. The preferred 
subsets of such embodiments do this in such a Way that it is 
not possible for a user 0 motivate the to “cheat” by doing 
things like alWays giving positive ratings in order to motivate 
the people Who create items to pay him to rate their neW items. 

[0055] For example, consider an embodiment in the ?eld of 
music. Musicians Will Want their songs to be gain more atten 
tion by getting a high rating on a listing of neW music. But, 
there is so much neW music emerging every day, just getting 
enough attention for users to discover the music and rate it is 
a major challenge in itself. Thus, it Would behoove musicians 
to pay raters to rate their music (that is, as long as the believed 
that their music Was good enough to be rated highly!) This 
embodiment of the current invention presents a list of users, 
identifying them by their online ID’s and not by their real 
identities, and listing the degree to Which they have contrib 
uted to the system. It does not shoW the average of the ratings 
they have inputted or any other indication of hoW high the 
ratings have been. Instead it presents the ranking of each user 
as a contributor to the system, Where the best contributors 
have the most accurate ratings, the most timely ratings, and 
have a high volume of ratings (the calculations for combining 
these values in order to rank by the combined value are 
described elseWhere in the present document). When a musi 
cian is choosing Who to pay, and the musician believes his 
music Will be rated highly (otherWise he should give up and 
go home), he Will be motivated to pay the highest-ranked 
raters, since part of the rating is accuracy, and this musician 
believes that an accurate rating Will be a high one. At the same 
time, the musician is also reWarding raters Who give a high 
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number of timely ratings, even though the musician may not 
care about reWarding those things. This embodiment also 
provides mechanisms by Which raters can post suggested fees 
and musicians can enter their credit card numbers in order to 
cause money to be transferred to the raters. Various embodi 
ments in other domains use similar techniques. 

[0056] In some embodiments priZes are aWarded to the 
most contributing user or users; the service displays a notice 
about a or priZes that Will be aWarded to the top user(s) on a 
particular date, and this motivates the users to contribute 
accurate and timely ratings in order to increase their chances 
of Winning a priZe. 

[0057] Another set of embodiments is particularly bene? 
cial for companies Which market products to consumers. A 
notice is given that monetary priZes or free products Will be 
given to the best contributors. The subject of the ratings is 
messages on a message board Which is devoted to product 
improvement suggestions. When the accuracy of ratings is 
calculated, it is compared not to the community’s combined 
rating, but to an the value that is assigned to the item by the 
sponsoring company. One embodiment assigns a 1 if man 
agement decides that a suggestion Will be implemented and 0 
if it is not, Whereas ratings from users have multiple levels 
(“poor”, “beloW average”, “average”, “good”, “excellent”, 
translated in the softWare to 0, 0.25. 0.5. 0.75. and l, for 
example). This mismatch does not impede the calculations, 
such as correlation, described elseWhere, although such cor 
relations Would rarely be perfect. Another embodiment 
alloWs management to assign a multi-level numerical rating 
to each item; management has the ability to take an item out 
of consideration When it chooses to, at Which point manage 
ment cannot change its rating of an item. Up until then, 
management can update its opinion based on continued user 
input in the discussion group, Which Would cause accuracy 
calculations to be re-executed. 

[0058] This methodology for getting suggestions is very 
attractive for businesses because it reWards, not only the 
person Who made a suggestion, but also those Who helped to 
bring it to management’s attention and argue for its impor 
tance by rating the suggestion highly and having an ongoing 
discussion about it. Note some embodiments enact this meth 
odology in the message board context Where any message can 
contain a suggestion tagged a suggestion and thus enter the 
process of being judged by management, Whereas other mes 
sages, Which may be discussions about suggestions rather 
than suggestions themselves, are rated and the accuracy of 
those ratings is determined as for regular message boards, 
discussed elseWhere in this document. 

[0059] In preferred embodiments based upon this method 
ology, a notice is presented via the user interface to the effect 
that only the most early item containing a particular sugges 
tion Will be rated by management as good. That is, if tWo 
people present different messages each containing, in effect, 
the same suggestion, only the ?rst one can be rated as good by 
management. This means that the second person Who likes a 
particular idea is motivated to try to improve his ranking by 
rating the original message highly rather than by submitting 
his oWn item and rating it highly. 

[0060] Most such embodiments give extra credit to the 
originator of a suggestion, based on the management-sup 
plied rating of the item Which contains the suggestion. For 
instance, in one such embodiment, the average management 
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rating for the suggestions made by each user is calculated, and 
through ranking against other users a number between 0 and 
l is generated, then this is multiplied by the accuracy, time 
liness and volume numbers generated as described elsewhere 
to determine the overall value of the contributions of the user. 
This overall value is then used to determine whether the user 
is among the top few who receive a monetary or product 
reward. In additional bene?t to this methodology is that 
people who make suggestions will be motivated to do their 
own ?ltering, since they will be penaliZed for making poor 
suggestions. 

[0061] In preferred embodiments of the methodology dis 
cussed in the previous few paragraphs, the sponsoring com 
pany’s record is displayed. This information includes the 
amount of monetary award and/or number and models of 
products awarded; the time period in which the awards were 
granted, and the promises being made about future awards. 
This enables consumers to decide if it is worth there while to 
contribute their effort to the system. 

[0062] It should be noted that various ways of interacting 
with the user are implemented in various embodiments. In 
today’s technology, a particularly convenient set of embodi 
ments is based on the user interface and networking elements 
of the World Wide Web. Other embodiments are based on 
such technologies as interactive TV, kiosks, and input and 
output over the telephone by voice and touch tones. 

[0063] The techniques mentioned in this summary are not 
intended to be exhaustive, but rather to point to various 
examples of ways of implementing the overall concepts. 
Other examples are found in the details section. Other 
examples are not mentioned, but equally come within the 
scope of the invention. 

DETAILED DESCRIPTION OF THE INVENTION 

Improving Online Community Through Ratings 

[0064] There is a lot of “noise” in most Internet discussions 
in open forums. Many, people tend to simply state their preju 
dices with varying levels of vociferousness. There are also a 
large number of very thoughtful, valuable messages. As 
someone who has used online facilities both to get informa 
tion and (in an earlier lifetime when I had time!) for conver 
sation, I would really like some way of distinguishing the 
messages that are likely to be meaningful (“signal”, in the 
jargon) from the messages that are likely to be “noise”. I 
would like to increase the signal-to-noise ratio for my online 
discussion time. I want to read thoughtful messages that will 
really engage meiwhether I agree with the ultimate conclu 
sions of the author or not. Either way, I bene?t, as long as the 
thoughtfulness is there. (In fact, I am likely to learn more by 
reading messages I disagree with, since the author is less 
likely to simply be stating things I already know!) 

[0065] Several of attempts have been made to accomplish 
this through asking users to rate the messages they read, for 
instance, on a 5-point scale from “poor” to “excellent”. For 
instance, the original business model behind Athenium, 
L.L.C. was to create NewsV1llage, a Web-based overlay on 
the Usenet, that allowed people to rate Usenet messages and 
then read only the ones with the highest average rating. Other 
attempts include GroupLens, the Usenet-rating project begun 
at the University Minnesota that ultimately led to the com 
pany Net Perceptions, which supplies collaborative ?ltering 
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technology for recommending music, books, etc and is now 
the recommendation engine at AmaZon.com. 

[0066] These experiments in message-rating have never 
really panned out. They have never “caught on” to allow a 
service to grow to critical mass. I think the main reason for 
this is very simple: it takes effort to provide meaningful 
ratings. 

[0067] Especially if you read many messages a day, the 
added effort involved in rating each one is prohibitive to the 
point that people just don’t do it because they don’t get any 
thing in return for doing soiexcept perhaps by being told 
that they are “helping the community”. If a system forces 
people to rate a message before going on to the next one, they 
will, for the most part, enter random ratings or enter the same 
rating every time. 

[0068] Anything that adds value to something usually 
requires work (there are exceptions, of course, but this is not 
one of them). In the “real world”, if you do work to add value 
to a project, you are paid for that work. If you help to build a 
house, you are normally paid in a respected common currency 
for that effort. Sure, some people get their friends together to 
help them build a log cabin in the woods without any form of 
compensation other than the pleasure of being together, but it 
is unlikely, to say the least, that that is ever going to be the 
dominant model for home-building. 

[0069] Clearly, knowing what people tend to write the most 
rewarding messages, and knowing what messages have been 
the most rewarding for the people who have read them so far, 
would be very valuable as a way of separating the signal from 
the noise and making one’s limited time online more valu 
able. Ratings provides a means to acquire that information, 
but the raters have to be rewarded for their effort. 

[0070] One company tried to do this by awarding a tiny 
fraction of a frequent-?ier mile for each rating a user made for 
Usenet articles. I can no longer ?nd that company on the Web, 
so I assume that effort didn’t go anywhere. I believe the 
problem with that effort was that, for enough value to be 
added in cash dollars or advertising exposure that frequent 
?yer miles could be bar‘tered or purchased from the airlines, 
many, many ratings had to be given. Abstractly but, I believe, 
realistically, this is because of a “conversion exchange” in 
taking items of value in the “economy” of the Usenet and 
trying to convert them into items of value in the “real-world” 
economy. The conversion rate is extremely steep. 

[0071] So we need a reward system that stays within the 
economy of the Usenet. 

[0072] This economy recogniZes several forms of value, for 
instance: 

a) Respect. People want to be respected for their contribu 
tions. 

b) Self-esteem. People want to feel good about their contri 
butions, which is linked but not identical to winning the 
respect of others. 

c) Receiving help. People want to be able to ask questions 
when they need some help or advice and receive generous and 
helpful answers. 

d) Interaction. Some people don’t care whether they get 
respect or not, they just want to interact. Some people actively 
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create arguments online just for the interaction; hostile inter 
action can feel better than none. 

e) The pleasure of self-expression. 

[0073] All the above are driving values in the economy of 
online discussions. Collectively, they are the “currency” of 
online discussions. To ef?ciently pay people back for their 
efforts, they should be repaid in that same currency. 

[0074] We Want to motivate people to provide meaningful 
ratings. To provide an e?icient reWard for their efforts, We 
need to pay them back in respect, self-esteem, help, and 
interaction. 

[0075] My idea on hoW to do this is to calculate the value of 
each person’s ratings, and to make a very public display of the 
value of people’s contributions in this sphere. 

[0076] People can obviously contribute to the system by 
providing meaningful messages 

[0077] They are repaid for their efforts by the respect they 
receive, the fun of interacting With people’s responses, etc. I 
have also learned in my years of participating online that 
people Who are respected members of an online community 
tend to receive help, When they need it, much more reliably 
and quickly than people With no reputations in those commu 
nities. 

[0078] For those reasons, people do actively contribute 
messages to online communities. 

[0079] NoW, suppose they received those same reWards for 
posting meaningful ratings. Then people Would be motivated 
for creating meaningful ratings similarly to hoW they are 
presently motivated to create messagesiand this implies that 
meaningful ratings Would be happily created. 

[0080] Assume, for noW, that We knoW hoW to compute the 
value of ratings (a technique Will be speci?ed using a Baye 
sian approach later in this Write-up). 

[0081] Suppose We post a list of users in order of the value 
of their ratings. In our online system, We make this list a very 
visible aspect of the system. We use all the marketing knoW 
hoW We can muster to communicate the truthful and accurate 
idea that ratings are as valuable to the system as messages are, 

[0082] because if one has limited time and doesn’t knoW 
Which messages are the most Worth reading, and therefore 
misses out on those best messages, they might as Well not 
have been Written at all. Ratings plus messages add up to a 
highly reWarding experience; one Without the other is less 
valuable. Meaningful ratings are therefore to be respected to 
a comparable (if not identical) degree to meaningful mes 
sages. 

[0083] Let’s look at hoW this can be used to reWard ratings 
contributors in the currencies of online communities. 

[0084] a) Respect. The top ratings contributors can Win real 
respect on the system through the public display of their 
names (logon ID’s, or Whatever identi?er makes sense). This 
is similar to electronic arcade games, Where, although you 
may not see the top players actually playing, their initials are 
stored in the system’s memory, and the high scores and the 
player’s initials are displayed betWeen games. 

b) Self-esteem. Obviously, people Who rank above-average in 
contributing to the system through their ratings have earned 
the right feel good about that. 
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[0085] c) Receiving help. In a system incorporating this 
idea, each person’s postings to the discussion boards Would 
include their level of contribution to the system in a highly 
visible placement. So even people Who have not contributed 
at all in the form of useful messages, but Who have provided 
meaningful value to the system in the form of ratings, Will be 
the recipient of appreciation and therefore help from others. 
This “level of contribution” does not need to distinguish 
betWeen the value they have added by means of ratings vs. the 
value they have added by means of highly-regarded messages 
(Which should also be a factor in computing the level). This 
reinforces the idea that the value created by ratings or mes 
sages are fungible. As an extreme example of the importance 
of being a valued member of an online community, I once told 
a friend of mine Who needed help With his computer to log 
onto a forum on Compuserve in Which I happened to be 
Well-knoWn and to ask his questions there. Over time, I had 
reached the point that just about any question I asked received 
a quick and helpful response. But my friend Was unknoWn to 
that community. When he logged on, he got no response at all 
to several questions. He came to the conclusion that online 
communities didn’t Work for him, gave up, and never Went 
back. 

d) Interaction. People Who are knoWn as contributors to the 
community are more likely to receive reWarding interaction 
With regard to messages they post. 

[0086] e) The pleasure of self-expression. People love to 
give their opinions on things. This pleasure has been present 
in previous attempts to motivate people to give ratings to 
messages in online discussions; noW it is supplemented and 
perhaps overshadoWed by the other forms of currency men 
tioned here. 

[0087] Because the system motivates ratings in the above 
Ways, it Will receive the ratings that Will enable people to 
avoidreading Worthless messages, and to focus their attention 
on the valuable ones, thus making their time spent in online 
discussions considerably more valuable. 

[0088] NOTE 1. 

[0089] If the intent is to produce recommendations for the 
community as a Whole it is important that ratings not be based 
primarily on agreement or disagreement With the ideas 
expressed, but on their thoughtfulness and/or entertainment 
value. Of course, agreement Will never disappear as a crite 
rion for ratings, but appropriate Wording in explanations and 
instructions in the system can stress the idea that thoughtful 
ness and entertainment are the criteria. 

[0090] NOTE 2. Not addressed in this Write-up is the fact 
that ratings can also be used to derive a pro?le of the rater’s 
interests, Which can in turn be used to compute the expecta 
tion of the value he, as an individual With his oWn tastes and 
interests, Would give in rating messages he hasn’t read yet. 
These expectations can be presented as the priority With 
Which he should read the various messages in the discussion, 
Which Would be different to the priorities presented to some 
one With different interests and tastes. 

[0091] NOTE 3. Ratings Input. 

[0092] We Want to minimiZe the degree of effort needed to 
create ratings. So, the most common case should take no 
effort at all. 
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[0093] One solution to this involves a ratings mechanism 
based on a pair of “radio buttons”. (Radio buttons are user 

interface features, usually a collection of small, circular, 
clickable buttons, Which alloW none of the buttons to be in the 
“on” state or one of them to be in the on state, but not more 

than that.) One radio button is labeled, “Less thoughtful and 
entertaining than average”. The other is labeled, “More 
thoughtful or entertaining than average”. Picking neither but 
ton means abstaining. 

[0094] NOTE 4. Computing the value of ratings. 

[0095] First, We have to decide on What We mean When We 

say a rating is valuable to a community. 

[0096] We Will say a rating is “valuable” to a community if 
it is representative of the opinion of that community. That is, 
if most people in a community Will particularly value a given 
message, a representative rating is one that indicates that the 
message has above-average value. 

[0097] Note that Within a particular discussion area, the 
overall community can be broken into sub-communities of 
people Who have similar tastes and interests Which might be 
different from those of the overall community. All the analy 
sis discussed here can occur at either the level of the commu 

nity as a Whole or any of sub-community of like-minded 

people (see Note 2, above), so this system can be used to give 
either customized recommendations of messages or general 
recommendations of articles to the Whole community. 

[0098] Representativeness is a poWerful measure of the 
value of a rating simply because the purpose of the ratings is 
to be able to predict the community opinion from a small 
number of votes, so that people can prioritize the order in 
Which they read messages for maximum expected bene?t. A 
rating must be representative of a community’s opinion in 
order to usefully guide that community. 

[0099] There are varying degrees of statistical sophistica 
tion that can be used to compute the value of a user’s ratings. 
I Will noW describe one very simple approach Which is rooted 
in Bayesian statistics. 

[0100] This takes tWo steps. First, We calculated the 
“expected rating” of each message. We calculate an 
“expected value” of each user’s ratings. 

[0101] Expected rating of messages: 

[0102] Some users Who Won’t care about giving ratings. 
Using the input mechanism of Note 3, such users Will abstain. 
We Will only consider the actual votes. 

[0103] Using the method of Note 3, votes are divided into 
“Less thoughtful and entertaining than average” and “More 
thoughtful and entertaining than average”. We Will assign a 
value of l to “more” votes and a value of 0 to “less” votes. Let 

p be the ratio of “more” votes to the total number of votes in 

the system as a Whole, considering all messages. Using a 
Bayesian analysis based on the beta distribution, the expected 
rating for a message Which has accumulated N actual ratings 
from users is (pW+m)/(W+N) Where m is the number of people 
Who voted that the messages Was more thoughtful than aver 
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age and W is a parameter that is adjusted for best performance 
as more data comes in from the ?eld (it can start at l). 

[0104] This means that When nobody has voted on a par 
ticular message, its expected rating is p (for instance, if the 
system is equally divided betWeen “less” and “more” votes, 
the expected rating for a particular message Which has no 
votes yet is 0.5). But as votes come in, the expected rating 
moves in one direction or the other according to the propor 

tion of “less” to “more” votes. For instance, if every vote 
regarding a particular message is a “more”, the expected 
rating asymptotically approaches 1 (ever-increasing belief 
that the next vote Will be 1). 

Expected Value of a User’s Ratings 

[0105] We Will take a very simple approach here for illus 
trative purposes. More accurate approaches can be built, but 
as the amount of data groWs, their advantages over this very 
simple approach becomes less and less. 

[0106] We have already noted that a rating is “representa 
tive” if it agrees With the majority of people Who have made 
the effort to vote on the message in question 

[0107] We Will assign a value of l to a representative vote, 
and a value of 0 to a non-representative vote. 

[0108] Let p be the proportion of votes that are representa 
tive in the system as a Whole. Then, again using a Bayesian 
analysis based on the beta distribution, We compute the 
expected representativeness of a user’s ratings as (pW+r)/(W+ 
N) Where N is the number of votes, r is the number of the 
user’s representative votes, W is chosen by the system to 
optimize performance but is initialized at l. 

[0109] (Note: by optimizing performance, We mean pick 
ing a value that most maximizes the accuracy of the formula 
in predicting behavior; this can be easily done using knoWn 
optimization techniques once there is a meaningful amount of 

data.) 
[0110] This expected representativeness can be thought of 
as the expected “value to the system” of the user’s ratings. 

[0111] Then, to measure the user’s overall contribution to 
the system, We can multiply the expected value of his ratings 
by the number of his ratings. Users Who contribute a large 
number of valuable (representative) ratings are reWarded With 
a high pro?le on the contributor’s list and impressive contri 
bution rankings on all their messages. 

[0112] This analysis of measuring the representativeness of 
a user’s ratings has one major limitation, hoWever. It doesn’t 
take into account the fact that a rating has much more value if 
it is the ?rst rating on an item than if it is the 100th. The ?rst 
rating Will provide real guidance to all Who see the message 
after that; the 100th rating Will not change people’s actions in 
a major Way. Also, later raters might choose to simply copy 
earlier raters. 

[0113] Therefore, We Want to Weight earlier ratings more 
than later ones. The question is, hoW much more valuable is 
the 1st rating than the second one, and the 2nd one more than 
the 3rd, etc.? 
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[0114] A reasonable methodology when a small amount of 
data is available is to use a cumulative exponential distribu 
tion to model this weight. Taking this approach, we calculate 
the expected value of a user’s ratings as follows: 

Let 

rating r is a hit 

l, ratingr is a miss, 

let R be the collection of all the user’s ratings, let c(r) be a 
natural number representing the count of ratings other users 
had assigned to r before the user in question assigned his, and 
let 

where 7» is a chosen parameter of the exponential distribution. 
A reasonable value for 7» would be chosen such that g(r)=0.5 
when c(r)=l; in other words, the value of a message’s ?rst 
rating is twice as much as the value of its second rating. 

[0115] Then the expected value V of a user’s ratings is 

: w+2gm ' 

reR 

[0116] Then the performance of the system can be tuned, 
once real-world data is obtained, by using standard computer 
optimiZation techniques such as simulated annealing or 
genetic algorithms to ?nd optimal values for W and 7». 

[0117] The exponential distribution is not necessarily the 
best possible basis for calculating g(r). It is not an aim of the 
present invention to ?nd the optimal calculation technique for 
g(r). KoZa’s genetic programming technique can be used, 
another optimiZation method may be used, or a genetic algo 
rithm technique such as the one discussed in US. Pat. No. 
5,884,282 for evolving a monotonic function based on a 
49-bit chromosome. 

A Knowledge Generation System (Kgen) 

Introduction 

[0118] This write-up describes a technical and business 
model with the potential to generate reusable knowledge and 
organiZe it in an accessible manner. The knowledge is thus 
available for retrieval on a when-needed basis. The system 
has some properties that may enable it to attain exponential 
growth if used in a public setting, leading to a high valuation 
for the company. 

[0119] For the purpose of this write-up I will be referring to 
it by the brief handle “Kgen”. 

Ratings and Value-Proportionate Compensation 

[0120] Knowledge donation, knowledge valuation, knowl 
edge organiZation, and full coverage are all similarly impor 
tant. 

[0121] The Usenet, for example, receives many thousands 
of units of knowledge donation per day (in the form of indi 
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vidual articles). These are of varying value. Dej aNews allows 
the user to retrieve these articles based on keywords. In other 
words, DejaNews allows the user to retrieve relevant knowl 
edge. But it is very inef?cient at enabling useful research to be 
done, because most of the knowledge on the Usenet has little 
or no value, and DejaNews provides no way to tell which is 
which. 

[0122] It is important, in a truly effective knowledge sys 
tem, to have a way to valuate the knowledge items. Knowl 
edge can be valuated by means of ratings. This important 
point will be discussed in much depth later in this write-up. 

[0123] Organization is also important. Knowledge is pri 
marily organiZed on the Web in two ways: 

[0124] Hierarchically. It is no accident that just about 
every product for which information is provided on the 
Web has a hierarchically organiZed FAQ associated with 
it for easy access to information. Hierarchical (or “out 
line”) organiZation works well for this purpose, and has 
evolved to be a dominant form of knowledge organiZa 
tion on the Web. 

[0125] Indexed. Search engines have the ability to auto 
matically organiZe knowledge through enabling retrieval 
based on concepts (or, more primitively, keywords). How 
ever, it is a thesis of this write-up that such indexed retrieval 
could be facilitated by means of human input of appropriate 
keywords and weights. Indeed, historically, knowledge col 
lections such as research articles have always had author 
generated keywords associated with them. It is a thesis of this 
write-up that the fact that keywords for Intemet-hosted 
articles tend to be automatically extracted does not mean that 
it is preferable to do so, but only that no motivational system 
has yet been created to motivate humans to supply keywords 
as an additional aid to indexing. 

[0126] Organization in each of these ways (or ideally, both 
together), makes the knowledge easier to ?nd and thus of 
more practical utility. 

[0127] Another factor is full coverage of the subject area. 
This is important because if the goal is to generate a knowl 
edge base that people will return to time and time again, they 
need to consistently be successful in ?nding the information 
they need there. If they fail to do so too often, they will be 
frustrated and spend too much time in fruitless searches, 
lowering the utility of the system as a whole. 

[0128] Up to now, services on the Internet have focused on 
easy knowledge donation (for instance, the Usenet) combined 
with automatically indexed retrieval. 

[0129] Without a powerful motivational system in place, 
this is probably the best that can be expected. Knowledge 
donation today occurs in the context of individuals having the 
pleasure of communicating with (and sometimes helping) 
each other. The knowledge is to a large degree a by-product 
and thus the “signal-to-noise” ratio is poor. Automatic index 
ing, which cannot distinguish between signal and noise, can 
retrieve the relevant knowledge, but not the valuable knowl 
edge. 

[0130] There is clearly much room for improvement to this 
state of affairs. What is needed is a motivational system that 
causes people to contribute low-noise knowledge in such a 
way that it is stored in a highly organiZed way for ease of 
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retrieval. Further, a system that encourages full coverage 
would have a further advantage. 

Valuation is the Key to Providing a Motivational System 

[013 1] In order to create a motivational system governed by 
something other than social feelings and altruism, people 
needed to be compensated for their work. 

[0132] Contributing content (knowledge) is work. 

[0133] Participating in organizing it is work. 

[0134] But, in order for compensation to be used effectively 
enough to be useful, it must go where due. Content that is pure 
noise cannot be compensated equally to content that is very 
valuable. First of all, in that case, there won’t be enough 
compensation to go around. The system could give every item 
the same extremely low compensation as a way of conserving 
compensation-resources, but such low compensation won’t 
be enough to motivate the creation of highly valuable indi 
vidual items. Moreover, people can get the same reward for 
less work by creating worthless content. In fact, an equal 
rewards system motivates the lowest level of quality that the 
system will award compensation for; anything else would be 
a waste of time and energy on the part of the person doing the 
work. 

[0135] (Note that in the above paragraph we are ignoring 
such factors as the feeling of doing a job well and peer 
pressure. However, these factors are not enough to generally 
obviate the need for proportionate compensation in the real 
world, and there is no evidence to lead us to believe that the 
knowledge-generation world will be signi?cantly different in 
this respect.) 

[0136] So, compensation should be proportional to value. 

[0137] Any currency-based economy is an example of this. 
One doesn’t pay the same amount of money for any object no 
matter what it is. A marble costs less than a Ford Escort, and 
a Ford Escort costs less than a battleship. In fact, the gradu 
ations are very ?ne; an “average” marble costs less than a 
“fancy” marble. All economies have evolved this way 
because it enables them to work more el?ciently and effec 
tively. It is a universal principle. 

[0138] Kgen needs to embody this same universal prin 
ciple: compensation proportionate to value. 

[0139] In order to compensate proportionally to value, 
value must be measured. Ratings provide a means to do this. 

[0140] Ratings are a simple way for value to be determined. 
From movie ratings provided by professional reviewers to 
product ratings provided by Consumer Reports, ratings are 
ubiquitous and a simple way to communicate valuations. 

[0141] However, ratings are another form of work. To moti 
vate non-random, meaningful ratings, value-proportionate 
compensation must be provided. 

[0142] One attempt to provide compensation for ratings is 
an apparently defunct Web site that requested ratings of 
Usenet postings in exchange for frequent-?yer miles. 

[0143] This is an example of a violation of the “compensa 
tion proportionate to value” principle. The site apparently did 
not work well enough to stay around. One possible reason for 
this is this compensation principleithe site gave users no 
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motivation to donate meaningful ratingsiit only provided 
users motivation to randomly click one of the ratings buttons. 

[0144] Without meaningful ratings, we don’t know the 
value of the donated knowledge items or effort in creating 
organization. Without valuations, we can’t compensate prop 
erly, and can’t expect to have an el?cient, effective motiva 
tional system. 

[0145] (Note: There are other potential sources of valua 
tion, such as observing the amount of time spent reading a 
given item. Indeed, it may turn out that such passive valuation 
turns out to be a good adjunct to ratings. However, there is no 
known example where passive valuation has been an effective 
engine for large-scale valuation of knowledge. Some of its 
limitations are obvious. For instance, consider the case of 
assuming value is proportionate to the time spent reading an 
article. The user may go to the bathroom while reading an 
article. Or, it may be that one article very concisely commu 
nicates valuable information and so can be read in a short 
time, while an alternative article on the same subject is con 
fusing and rambling and takes much longer to acquire the 
same informationiin which case the ?rst article would be 
more time-ef?cient and hence have more utility. There may 
turn out to be a use for such passive valuation sources, but at 
present there is no reason to assume that they can be the 
primary source of valuations in an effective knowledge gen 
eration system.) 

[0146] We need meaningful ratings. Meaningful ratings are 
work. Work won’t be done without compensation. Compen 
sation must be proportionate to value. 

[0147] So we need a way of measuring the value of ratings 

[0148] Rating the ratings themselves is obviously an end 
less conundrum. Another solution is needed. 

[0149] Such a solution is available. The general principle is 
that people who are providing meaningful ratings tend to 
agree with each other and to vary their ratings from item to 
item, whereas people who don’t tend to provide ratings that 
are random (or, equivalently, constant). This will be described 
in more depth later in this write-up. We will refer to this 
solution as “expert convergence”. 

[0150] By providing a means to estimate the value of rat 
ings, we can compensate users for providing meaningful 
ones, thus providing the necessary foundation for effective 
knowledge generation. 
The Forms of Compensation 

[0151] We have established that the heart of the knowledge 
generation system is value-proportionate compensation. The 
value of the contributed knowledge and organizational effort 
is determined through ratings. The value of the ratings is 
determined through expert convergence. So we know how 
everything is valued. 

[0152] The remaining question is: how do we provide com 
pensation? 
[0153] There is more than one form of compensation avail 
able to us: 

Revenue Sharing 

[0154] The Mining Company has pioneered the concept of 
sharing advertising revenues with the people who are com 
munity managers for various subject areas. There are hun 
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dreds of such managers. However their compensation is typi 
cally low (in the hundreds of dollars per month) as there is not 
at this time a huge audience to for any one community that can 
give a real income. However, revenue sharing is nevertheless 
one viable component of a compensation package. 

Public Reputation: Respect of Peers 

[0155] Public reputation has always been a major motivator 
in many areas. People who play video games try to get their 
initials onto the lists of the highest-ever scorers that are typi 
cally stored in each machine and displayed at the end of each 
game. 

[0156] Authors and musicians are partly motivated in their 
efforts by their public reputations. The same is true for busi 
nesspeople within the community of their businesses. 

[0157] Another manifestation of this, and one more to-the 
point in some ways, is the valuable work being done in the 
open-source software community on large and successful 
projects, best exempli?ed by Linux. Linux is universally 
reputed to be more solid and stable than Windows NT, despite 
the fact that no money is paid to Linux developers and NT 
developers and quite highly paid, including stock options that 
have made millionaires of many Microsoft employees. Open 
source developers become known for the quality of their work 
within the open- source community. Since there is no ?nancial 
compensation, one can reasonably assume that this reputation 
is one signi?cant factor in motivating this high-quality work. 

[0158] We can provide visible public reputations to our 
users. These will take two forms. One is a top-scorer screen, 
similar to those used in video games. The other is a database 
from which the score of any user can be seen. Scores will be 
based upon the value they add to the system. 

[0159] Typically, two scores will be presented: the amount 
of value the user has added over time, and the average value 
per effort donated (whether a rating, article, organiZational 
effort, etc.) 
[0160] It is expected that these scores will be presented in 
terms of percentile ranks within the overall community as 
such ranks will be more readily understood than other meth 
ods. 

[0161] Such examples as Linux seem indicative of the out 
come that a large-scale knowledge base can be largely moti 
vated through enabling people to earn the respect of their 
peers through contributing to the system. 

[0162] Public Reputation Earning the Informal Right to 
Receive Assistance. 

[0163] As a general principle, I have often observed that 
“newbies” an online community typically get slower and 
fewer responses to questions, if they receive any at all, than 
people who contribute often and therefore have reputations 
for being a valuable member. People want to help people who 
are themselves helpers. 

[0164] One problem with this way of deciding who to help 
and who not to help is that a person may be a major contribu 
tor in other subject areas, and now be in need of help in an 
unfamiliar one. Since he hasn’t been in that area often, he is 
unknown to that community, and therefore thought of as a 
freeloader4even though he may be very valuable to the 
larger community. 
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[0165] Our scoring system solves that probem by providing 
overall percentile rankings for each person which persist as 
they move from subject area to subject area. The value a user 
adds in his area of expertise will mark him as a valuable 
contributor. 

[0166] The community aspects of Kgen will be described 
below. The point being made here is that by earning a repu 
tation for contributing to the system, one will earn a higher 
probability of receiving human assistance when needed in the 
context of those communities. 

Public Reputation Support for Independent Income. 

[0167] All over the word, there are experts that can help 
with a given problem you or I may have at a given moment. It 
may be a business management question, a programming 
question, a recommendation for a home appliance, etc. It 
could be any of thousands of things. 

[0168] The problem is that we don’t know where to go to 
?nd someone who is immediately available to help us and 
who we can trust to do a good job. If we had a way of ?nding 
someone with the appropriate knowledge, and they had a 
reputation that enabled us to trust that they could help us, in 
many cases we would be happy to pay an appropriate fee for 
their services. 

[0169] Kgen’s public reputations provide a basis for this 
trust. Someone who is highly-ranked within the knowledge 
area he contributes to is someone who is likely to be superior 
at supplying assistance within that subject area. 

[0170] So, by supplying contact information for the con 
tributors, we help empower them to earn money in exchange 
for their proven skill. They are enabled to do so because of the 
quality of their work in adding value to the system through 
one or more of the possible forms of contribution. 

Public Reputation Personal Pride 

[0171] Regardless of practical uses for public reputation, 
people are also highly motivated by factors of pride and 
self-esteem. Many people are highly motivated by ?nding 
ways to experience themselves as good at something. In this 
case, the additional factor of being good at something that is 
contributing to a community makes scoring highly within 
Kgen even more meaningful as a source of pride. 

[0172] There are people who spend hours a week as unpaid 
co-moderators at AOL, who are given an “o?icial,” public 
status at AOLiso much so that the question has recently 
come up as to whether they should be considered to be actual 
employees of AOL. One can guess that a major factor in 
motivating this work is the pride of being a leader in the 
community. 

[0173] It is expected that similar factors of pride will moti 
vate many people to want to earn their stripes as contributors 
to what can become the greatest single accumulation of 
immediately useful knowledge in the world. 

[0174] Again, there can be no doubt that similar motiva 
tions can be found among the contributors to Linux. They also 
want to contribute to something large that will be a real force 
in the world. That project has succeeded, and it seems quite 
reasonable to postulate that this one will too. 
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Public Reputation: Summary 

[0175] It is a thesis of this write-up that these various forms 
of public reputation will be a meaningful factor in motivating 
people to contribute knowledge, organization, and ratings to 
the system. The main bene?t of these forms of compensation 
are that they cost us nothing. 

Other Compensation 

[0176] There is no reason that we can’t look towards other 
compensation mechanisms such as frequent ?yer miles as 
well. These compensation mechanisms would all be tied to 
the quality of the donated work. 

Structure of a Public Service 

[0177] Some embodiments are primarily structured as an 
FAQ. FAQ’s have evolved over time to be a dominant form of 
easily-accessible knowledge on the Web. As noted above, 
virtually every manufacturer with a Web presence has an FAQ 
describing their product. 

[0178] Large FAQ’s are hierarchical in nature. They are 
broken into various subject areas. To ?nd the answer to a 
given question, the user works his way through the hierarchy 
to ?nd the answer he wants. 

[0179] At the same time, most sites index everything with 
their search engines, so the FAQ entries are available through 
keyword and concept searches, too. Recent technology such 
as Apple’s Sherlock and Ask Jeeves enable natural language 
searches; over time we should be able to add such technology, 
either through strategic partnerships or technology pur 
chases. 

Forms of Contribution 

[0180] Knowledge items (FAQ entries). Users can write 
questions and answers that they think will be useful to 
the community. These Q&A’s will be considered to be 
“knowledge items.” Users can also write alternative 
answers to existing questions. Perhaps they can addi 
tionally write questions without answers (this needs 
more thought) in the expectation that somebody will 
write a question. 

[0181] Suggestions. If a user believes an item is in the 
wrong place in the hierarchy, he can make a suggestion 
that it be moved to another location (each location will 
be marked through a numbering system). Easy access 
will be provided so a user can visit the suggested loca 
tion to see whether they think it is suitable. Similarly, a 
user can make a suggestion that a Q&A be dropped due 
to being redundant. When a suggestion has received 
enough positive ratings that it is statistically measured to 
be highly likely to be worthwhile, the system will auto 
matically carry it out. This can involve moving or delet 
ing an item, or perhaps other acts as the system evolves. 

[0182] In addition suggestions for improving an item 
will inevitably turn up in the discussion forums associ 
ated with that item. 

[0183] Ratings. Users can rate knowledge items and sug 
gestions. Ratings of each type of contribution are con 
sidered to be of value. 
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Public Reputation 
[0184] Each user’s ID will be displayed on each of the 
knowledge items he contributes. The ID will be clickable and 
take the user to a page displaying the accumulated reputation 
of the user. His percentile rank for quality and frequency of 
contributions will be displayed. 

[0185] A reason not to break these items out is that every 
one realiZes that writing knowledge items is a valuable form 
of contribution. To date, there is no precedent for the public 
valuing of ratings. In order to stress the fact that all forms of 
contribution are valuable and worthy of esteem, it may be 
advisable to not separate them in the display. 

[0186] There will also be means to access a user’s scores 
through an interface that allows an ID to be typed in and the 
score retrieved. Finally, as we add lists of people who want to 
help others to each subject area, the scores will be available 
through that list. 

A Learning-Oriented FAQ 

[0187] We will rede?ne the FAQ, for the purposes of this 
section, as Learning Items (LI’s) and start to de?ne a different 
way of looking at things. 

[0188] When students study from a textbook, they fre 
quently have questions about speci?c things appearing in the 
book. 

[0189] LI’s could work in conjunction with existing course 
materials such as a textbook. An LI would explain something 
that was perceived to be not as clear as possible. The reference 
section on an 

[0190] Enter LI screen would contain the page and/ or sec 
tion and/or paragraph number that was being explicated. 

[0191] The idea would be to generate a database that would 
make it easier to understand the course material. 

[0192] During the Enter LI phase, the team would work 
together. Students would each be required to create one LI. 
However, they are also in the process of studying, and will 
have questions. So, on the team discussion page and/or by 
chat or other means, they can ask questions of their team 
mates when they don’t understand something. 

[0193] These questions can then become fodder for some 
one to write an LI. 

[0194] So, the process of give-and-take during the Author 
LI phase is providing a forum where students can help each 
other understand the material at the same time as they are 
working towards creating their individual LI’s, and helping 
each other with that goal. 

[0195] As in the case of FAQ Q&A’s, each LI will eventu 
ally be rated by the other team according to how much value 
it adds: 

[0196] Does it add value by explaining something that 
was harder to understand in the original text? 

[0197] Does it do so better than other LI’s on the same 
question? 

[0198] Overtime, the database of LI’s for a particular set of 
learning materials will become so complete that it would be 
hard to create a valuable new LI. 

[0199] In that case, as was suggested above, we can ran 
domly delete some of them. However, in this context, there is 
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no problem associated With it, because LI’s are not general 
purpose just-in-time problem-solving FAQ entries that really 
should be available to the company as a Whole. They are just 
for the purpose of learning, and may only be available to the 
students taking the course (or Who already took the course). 
So there is no problem in removing some of themithere is no 
outside database to compare to see What’s missing. 

[0200] Of course, all LI’s for previous rounds can be avail 
able to students or the course through VieW Results. 

[0201] Also, if the instructor chose to use other basic course 
materials at another time, there is no reason Why all previous 
LI’s could not be displayed. 

[0202] Also, people Who already took a course could log on 
to the system at any time to refresh their memory about 
something. So We Would be creating a useful knowledge 
repository, just as in the FAQ model, but a user Would have to 
take the course to get access to it. 

[0203] There is still a problem of cooperative cheating, 
Where, for example, students taking a course at one time copy 
the LI ’s and store them someWhere Where they are available to 
students taking the course later. A similar problem exists With 
the SAT’s, but security measures make it very dif?cult to copy 
an SAT. These are issues to discuss. 

[0204] One ?nal point is that it can be imagined that 
through more elaborate structuring tools, an entire course 
materials set could possibly be evolved in this Way, Which 
could ultimately replace the need for outside course materi 
als. 

Structure of the Best-Practice Mining System 

[0205] Use of the Kgen process for brainstorming and the 
mining of best-practices is similar to the learning model, 
except that study materials may be unnecessary. 

[0206] The ratings processing alloWs the system to deter 
mine Which practices are likely to actually be “best” since 
rating quality ultimately depends on the expertise of the rater. 
Rather than giving everyone an equal vote about Which prac 
tices are of value, including those people Who Will simply 
pick the most obviously correct practices, or Who vote ran 
domly, Kgen gives the most votes to the ratings most likely to 
be meaningful. Thus Kgen’s discernment is greater than that 
of a one-vote-per-person system. 

Technical Issues 

[0207] Measuring the Quality of Ratings 

[0208] I Will present a technique for doing this here. I call 
this technique “expert convergence.” HoWever, I Want to 
stress that it is very likely that more ef?cient techniques Will 
be found once We start serious Work in this. 

[0209] The calculated quality of a rating is really a statisti 
cally-calculated expectation of the quality. There is no com 
putational Way to knoW the quality for certain. 

[0210] Imagine that We have a knoWledge item and a col 
lection of n ratings for that rating, r1, r2, . . . , m, on a 5-point 

rating scale. 

[0211] Suppose We make guesses, g, about the real value of 
the item, and see hoW Well that guess matches up to the actual 
ratings We have in hand. 
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[0212] First We guess 1/2 point, then 1 point, then 2 points, 
etc. 

[0213] At each point We calculate the folloWing number: a 
number betWeen 0 and 1 representing the probabilistic 
unlikeliness that the as many of the ratings Would have been 
as close as they are to g under the assumption that the ratings 
Were simply randomly chosen by the users. 

[0214] In the patents that have been issued in my name by 
the United States Patent Of?ce, I have described detailed 
algorithms for accomplishing this. There are other Ways, as 
Well. 

[0215] One of the points Will be calculated to be more 
unlikely than any other. 

[0216] We Will use that point as our estimate of the “real” 
value of the item on the 5 point scale. 

[0217] Some ratings Will be close to this point and some 
Will be far aWay. The ones closest to the point are the ones We 
assume have the most value, because they are the closest to 
the estimated real value of the item. 

[0218] A useful measure of the value of the rating Would be 
the distance from g calculated above (its p-value, in statistical 
language; “better” p-values are near 0; p-values are alWays 
betWeen 0 and 1). 

Measuring the Effectiveness of Raters 

[0219] Effective raters tend to consistently give meaningful 
ratings. 

[0220] Assume, for a given user, We have a collection of 
p-values calculated from his ratings of various knoWledge 
items: p1, p2, . . . , pn. 

[0221] Then a meaningful measure, m, of his effectiveness 
at consistently contributing meaningful ratings Would be 
given as (l —((l —p1)(l —p2) . . . (l —pn)) A (l/n))), Where A is the 
poWer operator, for reasons that are beyond the scope of this 
Write-up. 

[0222] Also, under the assumption that his ratings are ran 
dom, the likelihood of their being as consistently good as they 
are by chance alone can be computed based on the above 
calculation, resulting in another p-value. Thus We have a 
possible statistical measure of goodness When We Want to ?nd 
the users We are most con?dent Will produce good ratings. 

[0223] Another consideration is the fact that some ineffec 
tive raters Will tend to alWays choose the same rating for each 
question. Thus, the variance of ratings provided by a user can 
be used as another Way of re?ning our effectiveness measure. 
Variances can be converted to p-values, and combined 
through multiplication With the p-value determined above; 
using other techniques a neW “combined” p-value can be 
calculated that incorporates both factors. 

Measuring the Quality of Knowledge Items 

[0224] In order to calculate the likely quality of a rating, 
described above, We made guesses about the actual value of 
the item, and chose one to be our estimate of the real value of 
the item. HoWever, that Was done in the context of trying to 
judge the Worth of a rating, in order to judge the effectiveness 
of the rater. 
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[0225] NoW that We have calculated the effectiveness of 
each rater, We can do a better job of guessing the actual value 
of the item. We can do this be using our knowledge about the 
rater to Weight each rating. 

[0226] For example, We can use (1-m), calculated above, as 
the Weight of a rating generated by a user With measured 
effectiveness m. Alternatively, We can rank the raters accord 
ing to m, and use the rank as the Weight. 

[0227] These Weights can be used in calculating a Weighted 
average of the ratings, Which can be calculated arithmetically 
or geometrically. 

[0228] My collaborative ?ltering experimentation has 
shoWn that all these approaches Will “Wor ”, but some Will 
Work better than others. We can deploy or system using the 
simplest possible approach, and then try other approaches on 
the data We collect, and eventually deploy the calculation that 
Works best for predicting the ratings of effective raters for 
given test items. 

[0229] Finally it should be noted that iterative techniques 
are possible. When We originally calculated an item’s best 
guess of the real value, in order to measure “expert conver 
gence” for one item, We did so Without incorporating any 
knowledge of the raters. After doing that, it Would be possible 
to go back to the beginning of the calculations are recalculate 
the expert convergence by taking the Weights into account. 
That Would ultimately change (and improve) our measure of 
the effectiveness of each rater; We can repeat until conver 
gence. 

Portfolio Management by Community 

[0230] The purpose of this invention is to maximiZe port 
folio selection by means of creating a open environment for 
receiving, reWarding, and integrating trade suggestions from 
a broad community. 

[0231] A key to the invention is that individuals compete 
With each other for being the best performers, Which auto 
matically causes the system to reWard them With the best 
compensation. 

[0232] The environment is a netWork such as the Internet, 
client/ server systems, etc. Input and output occurs by means 
of knoWn techniques of netWork-based softWare, such as 
HTML-based World-Wide-Web broWsers, client/ server soft 
Ware on a packet-sWitching netWork, etc. 

[0233] One key element of the invention is means for any 
one to register as a “manager” of a portfolio. A portfolio can 
have any number of managers. In the preferred embodiment, 
the registration process involves obtaining a login ID and 
passWord (as is done in many World Wide Web sites and other 
online services today) and specifying the portfolio(s) the user 
Would like to manage. Portfolios are chosen, in various 
embodiments, by pull-doWn menus, scrolling lists, etc. 

[0234] In preferred embodiments, managers can also create 
portfolios by inputting the stocks and amounts of the initial 
state; this is done by standard input means such as dialog 
boxes, HTML pages, etc., as decided upon by the user inter 
face designer in each particular embodiment. In creating a 
portfolio, preferred embodiments give the manager the ability 
to input his decision regarding Whether he alone Will manage 
it, or Whether other people can manage it as Well. In some 
further embodiments, he can input a list of users Who can 
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serve as managers for the neW fund. In must such embodi 
ments, means are provided to change these decisions and alter 
any lists of managers at later times. 

[0235] Means are provided for managers to make their 
trade suggestions or other input relevant to portfolio manage 
ment. These means involve the traditional means for data 
input at use in most Web sites. In the case of inputting trade 
suggestions, a good example is the user interface of http:// 
WWW.schWabb.com/. 

[0236] The performance of each manager is tracked over 
time. In preferred embodiments, this includes tracking the 
direction and amount in change in a portfolio’s value that 
Would have occurred if that manager’s input, and no other 
trades, had been acted upon. These results are measured on a 
regular basis (in preferred embodiments, daily, on those days 
When the manager gave input). 

[0237] At regular intervals (in preferred embodiments, 
daily), before the market opens on each day, trade recommen 
dations and other information made by the various managers 
of a fund are combined into an overall set of trade recommen 
dations. This is done by combining the suggestions of the 
various managers in such a Way as to optimiZe the gain in 
portfolio value. Various embodiments perform this step in 
various Ways. 

[0238] In one embodiment, the folloWing steps are carried 
out for each portfolio. First, each manager’s performance 
expectation is computed according to the formula 

c+n 

Where p is the estimated performance, t is the total change in 
valuation of the portfolio if only the current manager’s input 
Were used, n is the number of days in Which the manager made 
changes, and c is a constant. 

[0239] For convenience, t is given as the change propor 
tionate to the starting valuation; that is, if the starting value of 
the portfolio Was $100,000 and at the end of the period under 
consideration, the manager’s suggestions Would have led to a 
valuation of $120,000, then t is +0.2. 

[0240] c serves to compensate for the fact that We have 
different amounts of data for different users. For instance, say 
c is 1. Then, before a manager makes any suggestions the 
estimate of change due to his suggestions is 0. If he has made 
one suggestion, and that has resulted in an increase of 0.01, 
then his estimator is 0.005. As he makes more suggestions, c 
becomes less important, and the value of the estimator 
asymptotically approaches his average change. 

[0241] For the next step, We ignore all the managers for 
Whom p is 0 or negative. In this step, We sort all managers in 
order of p. Then We calculate Weights for each manager as 
folloWs. If there are N such managers, the one With the best 
performance gets a Weight of 
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the next best gets a Weight of 

etc. doWn to a Weight of 

Finally, We take the trade volumes recommended by each 
manager for each stock, multiply each such volume by the 
recommending manager’s Weight, and total the Weighted rec 
ommended trade volumes for each stock. Depending on the 
embodiment, the system outputs the combined recommenda 
tion (rounding to the nearest Whole share price for each 
stock), or automatically causes those trades to be performed. 

[0242] To assign a value for c, preferred embodiments try 
different values to see Which results in the maximum “yield” 
in simulations using the historical database, once there is one. 
In various embodiments this can be done by such techniques 
as genetic algorithms, simulated annealing, etc. When there is 
no historical data or little such data, some embodiments ini 
tialiZe c to l. 

[0243] In another embodiment the following combining 
method is used. 

[0244] A paper by Singer, et. al. (1998) describes an algo 
rithm for completely automated portfolio selection. They 
describe a technique for using “side information” Within their 
algorithm. Refer to that document for details. This side infor 
mation improves the performance of the algorithm. In the 
embodiment under discussion, the advice given by the man 
agers is not concerned With the details of speci?c trades, but 
is rather concerned With providing the side information. In 
this embodiment, the side information consists of character 
iZing the market for the next market day as “bullish” or 
“bearish.” 

[0245] On each day, prior to market opening (or on the 
evening before), each manager has the opportunity to give his 
guess regarding Which of the tWo categories the stocks Will be 
in. The system tracks this information uses it to make a 
combined guess, incorporating the guesses of various man 
agers into one. 

[0246] A paper by Cesa-Bianchi, et. al. (1997), Warrnuth 
describes an algorithm for doing this, Which they term Algo 
rithm P*. Refer to that document for details. The input is a 
series of predictions from each manager regarding Whether 
the market Will be bullish (l) or bearish (0) on the next day; 
the output is a real number betWeen 0 and l. Rounding to the 
nearer of l or 0, the system sets the side information to bullish 
orbearish. Details of hoW to use the information maybe found 
in Singer. The output is a set of trades to make, Which is 
displayed as the output in some embodiments, or is fed into a 
module for causing the actual trades to be executed in another 
embodiment. 

[0247] It should not be construed that this invention is 
dependent on any particular combining technology. In fact, a 
preferred embodiment provides an application programming 
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interface (API), using standard industry practices, such that 
any combining methodology can be programmed and 
“plugged in.” In once such embodiment, a C++ base class is 
provided Which can be subclassed to provide the combining 
functionality. In another embodiment, a Java interface is 
de?ned that is programmed to provide the functionality. 

[0248] In another a C header ?le is provided Which de?nes 
the signature of a set of functions to provide the functionality. 
In preferred API-based embodiments, means are provided to 
test different algorithms against historical data to determine 
their performance. 

[0249] It must not be construed that this invention is depen 
dent upon any particular combining technique. 

[0250] Another key to this invention is compensation of the 
managers. In various embodiments, different techniques are 
used to perform compensation. 

[0251] In one embodiment, a simulations are run With and 
Without the input of each particular manager, and the amount 
of groWth that is attributable to his individual input is com 
puted by means of subtraction. This number is computed for 
the best manager ?rst, then the next best manager, etc. A ?xed 
percentage of the difference is paid to each of them as a fee. 
This percentage Was determined and input by the manager 
Who originally created the portfolio in question. Investors are 
billed on a monthly basis for these fees. 

[0252] In another embodiment, compensation is not 
directly ?nancial but instead is time-based. Just as immediate 
quotes are considered more valuable than 15-minute delayed 
quotes, it is more advantageous to get the combined trade 
recommendations from the system sooner rather than later. At 
the time the market opens for the day, the best manager 
receives the recommendation ?rst (in one embodiment, this is 
done by online “instant messager”); the next best manager 
gets the recommendation second, etc. The intervals are evenly 
spaced. The total time allocated to this process is adjusted so 
that enough people are motivated to be managers that the 
portfolio performs Well, but also so that the higher-perform 
ing managers are reWarded for their efforts. 

[0253] It should not be construed that this invention is 
dependent upon any particular form on compensation. 

Notes 

[0254] In some embodiments, certain quali?cations are 
required before a manager can actually make recommenda 
tions, such as lack of a criminal record; in some such embodi 
ments, a manual check is carried out before neWly registered 
managers are alloWed to make recommendations; in other 
such embodiments, checking is done automatically by access 
to online systems such as credit database. 

[0255] In some embodiments, the system simply receives 
input from users and makes trade suggestions. In other 
embodiments, the system has built-in softWare Which can 
manage investor money and order trades, consistent With 
other existing systems that currently perform those functions. 

[0256] Means are supplied in most embodiments for funds 
to be added to a portfolio at any time for purchase of neW 
stock, as neW investors get involved or as existing investors 
change the level of their investments or pull out. Computa 
tions regarding the performance of various managers are 
adjusted to account for this. 
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[0257] In some embodiments, some or all of the managers 
are not individual people, but are organizations or even soft 
Ware programs. The Word “manager” in this document should 
therefore be read accordingly. 
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Community-Based Market Movement Prediction 

[0260] If one assumes that some people are better at pre 
dicting market and stock price movements (referred to beloW 
as “market predictions” than others, certain opportunities 
become available. This invention capitaliZes on one of those 
opportunities.) 

[0261] The purpose of this invention is to enable commu 
nities to make more accurate market predictions than indi 
viduals can make on their oWn. 

[0262] The ?rst step is to set up an input means, for instance 
a site on the World Wide Web (although any other electronic 
communications medium Will do just as Well), Whereby indi 
viduals can enter their market predictions. This is easily 
Within the state of art of Internet, client/server, and other 
communications-based programming disciplines. 

[0263] We Will use the example of predicting S&P 500 
index movement, although other predictions are possible 
including individual stocks. In fact, this invention is not lim 
ited to security markets but is applicable to other markets as 
Well, such as the price of tulips. 

[0264] The system, in preferred embodiments, alloWs indi 
vidual users to input their predictions at any time. At certain 
points in time, these individual inputs are examined and group 
predictions are made. 

[0265] In some embodiments, this prediction is only direc 
tional: users input their guesses regarding the question of 
Whether the stock Will go up or doWn. In other embodiments, 
guesses are more speci?c as to the magnitude of the move 
ment. 

[0266] A key to this invention is measuring the accuracy of 
each individual contributor. Different embodiments carry this 
operation out in different Ways. In one embodiment, in Which 
the user only inputs directional predictions, a l is aWarded if 
the prediction is correct, and a 0 is aWarded if the direction is 
incorrect; the average of these numbers is then computed. (In 
such binary embodiments, a prediction of no movement is 
ignored.) 

[0267] In another embodiment, a calculation based on 
Bayesian statistics is used, We assume a beta distribution, and 
calculate the probability of correctness in the N+lth guess, 
Where h is the number of correct guesses so far, N is the 
number of guesses so far, and ah, and ai are hyperparameters 
of the beta distribution: 
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[0268] In the preferred embodiment based on the beta dis 
tribution, the beta hyperparameters are chosen so that: 

11h . 
— =the population average of correct guesses 
11,, + a, 

and ah is initially set to l, and re?ned as real-World data comes 
in to optimiZe the overall accuracy of the computed probabil 
ity of correctness. That is, the mean distance betWeen the 
Bayesian estimates of user correctness rates based on a small 
samples of data, compared to average correctness rates com 
puted With the complete, large-scale data set should be as 
small as possible. 

[0269] Another estimator of accuracy Would be the statis 
tical correlation betWeen the real index movements and the 
guesses. In this case, the guesses can be bi-valued directional 
guesses, or take other forms such as real or ?oating-point 
values. 

[0270] It should not be construed that this invention is 
dependent on any particular estimator of the accuracy of 
individual contributors. 

[0271] In the next step, the system generates a group pre 
diction based on the predictions of the individual contribu 
tors, combined With their accuracy levels. 

[0272] In one embodiment this is accomplished as folloWs. 
Let M be the number of users Who have inputted their guesses 
on the index movement. The guesses of users 1 . . . M are then 

given as gl . . . gM. Also, in preferred embodiments, there is a 
“Weight” associated With each user, given as Wl . . . WM. 

[0273] In some embodiments, the Weights are simply set to 
be equal to the estimators of accuracy. In other embodiments 
other values are used. In some such embodiments, We sort the 
users in order of the embodiment’s accuracy estimator, rank 
them from 1 to M, and use the ranks as the Weights. 

[0274] It should not be construed that this invention is 
dependent upon any particular Weighting scheme. 

[0275] The guesses may be purely directional, multi-lev 
eled or real-valued. 

[0276] In one embodiment, the group estimator is simply 
the Weighted average of the guesses: 

[0277] In a preferred embodiment, a statistical approach is 
used Wherein We start With a null hypothesis stating that 
“Guesses are random” and calculate a p-value representing 
the certainty With Which We can reject that hypothesis. 

[0278] In some such embodiments, the guesses are mas 
saged so that, if the null hypothesis Were true, they Would 
taken on a uniform distribution on the unit interval. In one 

embodiment, this is accomplished as described in Us. Pat. 
No. 5,884,282, authored by Gary Robinson, hereby incorpo 
rated by reference, Where We replace the “ratings” of that 
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invention With discrete levels of predicted movement; the 
levels may be labeled, for example “large negative move 
ment,”“medium negative movement, slight negative move 
ment, no movement,”“slight positive movement,” etc .; input 
means are supplied for users to specify those levels for their 
guesses. Note that this introduces a small random element, 
the effects of Which can be eliminated through integration, as 
is also described in that patent. These uniformly distributed 
(relative to the null hypothesis) guesses can be converted to 
Z-scores by use of a standard cumulative normal distribution 
table (as is also described in that patent). Let Zl . . . ZN 

represent the Z-scores of the guesses (for instance, a negative 
Z-score might indicate a guess of doWnWard movement and a 
positive one a guess of upWard movement; the more extreme 
the Z-score the more extreme the guess). Then 

ZC : 

is also standard normally distributed [Hedges & Olkin]. Thus, 
a p-value, pc, can be computed relative to the Z-score Z0. 
P-values such that either pC or (1 -pc) are very near 0 mean that 
We can con?dently reject the null hypothesis. This means We 
can safely assume a non-random pattern of guessing in one 
direction or the other. If there is such a non-random pattern of 
guessing, the most likely cause is that there is some degree of 
consensus among our guessers that the index Will be moving 
in a particular direction, Which if random chance is not 
responsible, is probably due to a common response to avail 
able information that the users feel may in?uence the market. 
The closer pC or (l-pc) is to 0, the more con?dent We can be 
that some such consensus exists. 

[0279] One of the preferred embodiments is similar to the 
Z-score technique but uses a combining method knoWn as 

[0280] It is useful for the system to be able to measure this 
con?dence. In some embodiments, pC is displayed unmodi 
?ed. Users can then use this number in making their invest 
ment decisions. In preferred embodiments, it is used to gen 
erate a measure that is more meaningful to end-users. In one 
such embodiment, data is collected over time regarding the 
actual percentage of correct group guesses Which have his 
torically corresponded to various ranges of pc; for instance, 
this percentage is computed for intervals of 0 to 0.0001, 
0.0001 to 0.001, 0.001 to 0.01, 0.01 to 0.1, 0.1 to 0.5, etc. (and 
the same is done for (1-pC)). Then, an estimator regarding the 
probability that the group guess is correct can be presented to 
the user. In other embodiments, techniques such as neural 
nets or genetic programming are used to approximate a func 
tion that takes pC as input and outputs an estimator of historic 
probability of correctness. 

[0281] Other embodiments use other means of combining 
guesses. In particular, Hedges & Olkin, pp. 27-46, give a 
number of Ways of arriving at pC from a set of uniformly 
distributed (under the null hypothesis) random variables. This 
invention should not be construed to be limited to the com 
bining techniques mentioned above. 
[0282] A key aspect of the present invention is its technique 
for motivating users to contribute guesses, and, more impor 
tantly, “best guesses”, to the system. 
[0283] If everyone could have immediate access to group 
predictions, there Would be little reason for individuals to 
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contribute their guesses. To deal With this problem, immedi 
ate access is not given to all users. In some embodiments, 
immediate access to predictions is restricted to those users 
Who regularly help the system by providing their oWn 
guesses. In other embodiments, a user Who Wants the group 
prediction With respect to a speci?c question (such as, “Will 
the S&P 500 index be up or doWn 10 minutes after opening 
tomorroW?”) must input his oWn guess With respect to that 
particular question. 
[0284] Preferred embodiments also provide motivation for 
users to give their “best guesses” rather than simply save 
effort by choosing random guesses. In some such embodi 
ments, the access to group predictions is staggered in the 
sense that the “most valuable” users get access to the group 
predictions ?rst, and the “least valuable” users get them last. 
In most such embodiments, “most valuable” and “least valu 
able” are determined by some combination of the accuracy of 
a user’s guesses and the frequency of those guesses. 

[0285] In one embodiment this is accomplished by ranking 
the users for both accuracy and frequency of guesses, and 
taking the average. Other embodiments use a Weighted aver 
age; others use a geometric mean or Weighted geometric 
mean; other techniques are possible; this invention must not 
be construed to be limited to particular methods for combin 
ing these attributes. 

[0286] One embodiment does not combine the accuracy 
and frequency; instead the timing of When a user receives a 
group prediction is determined only by his accuracy; hoW 
ever, he only receives group predictions for questions he has 
inputted his oWn guess for. 

[0287] In some embodiments, users can receive multiple 
group predictions per question. This is because the system 
can re?ne its prediction relative to a particular question as, 
over time, more users input their guesses, and, as the event in 
question draWs closer, users revise their guesses. 

[0288] In some embodiments, users receive one prediction 
per guess or revision. 

[0289] Various embodiments use different techniques for 
staggering users. A preferred embodiment makes group pre 
dictions available at time intervals based on their overall rank 
on the scale of “most valuable” to “least valuable” such that 
there are equal intervals betWeen the releases of the informa 
tion. Another embodiment creates intervals as folloWs: if the 
interval betWeen the release of the group prediction to the 
most valuable user and the release of the same prediction to 
the second most valuable user is x, then the further interval 
before the release to the third most valuable is (1/2)x, the 
further interval before the release to the fourth most valuable 
is (1A)x, and so on. 

[0290] There is some amount of time betWeen the ?rst 
release and the last. This can be shorter or longer depending 
on the needs of the system. If it is too long, the predictions 
Won’t be useful to the users Who are less than the most 
valuable. If it is too short, the staggering technique Will not 
produce the necessary motivation for inputting best guesses. 
Preferred embodiments alloW this time period to be tuned in 
real-World use for best results. The quality of predictions is 
measured as the staggering is spread out over varying 
amounts of time; the normal amount of time is chosen to 
maximiZe the quality (and/or other criteria, according to the 
embodiment). 
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[0291] In preferred embodiments, the total staggering time 
adjusts itself according to the neamess of the event being 
predicted. In one such embodiment, the staggering time is 
alWays a ?xed percentage of the time remaining to the event 
in question; other embodiments use other scaling techniques. 

[0292] Users can be given access to group prediction by 
displaying them on a Web page, emailing them, using an 
“instant message” service, etc, In some embodiments, special 
devices are created for Wireless access to the system. 

[0293] In some embodiments, users are only noti?ed about 
the strongest group predictions. For instance, in the embodi 
ment described above using the standard normal distribution, 
users are alerted only When pC or (1 —pc) is less than a certain 
value. 

[0294] The staggering technique has another purpose. 
Assume that a system using this technique turned out to be 
highly accurate relative to other predictive means. Large 
investment houses Would then Want to make investments 
based on those predictions. It is possible that large enough 
investments Would actually change the market situation, mak 
ing the predictions invalid. Some such large investors may 
pro?t as they change conditions, but other investors, espe 
cially smaller investors, Whose guesses might be greatly con 
tributing to the accuracy of the system, Would then be receiv 
ing incorrect predictions. This Would lessen or eliminate their 
motivation for participating, Which Would make their guesses 
unavailable to the system. Since the system is based on the 
concept of having a large number of users making guesses, 
this could be very harmful to the system’s value and function 
ality. 
[0295] Note that “users” of the system can be institutions 
and even other computer programs. 
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Rating-By-Rating User Valuation 

[0297] This appendix discusses aspects of the invention 
that relate to certain mathematical calculations 

[0298] One problem being addressed is the fact that people 
can supply ratings that are essentially random (due to not 
making the effort to provide truly meaningful ratings), or 
Which are consciously destructive or manipulative. For 
instance, it has been commented that on AmaZon.com, every 
time a neW book comes out, the ?rst ratings and revieWs are 
from the author’s friends, Which are then counteracted With 
contradictory revieWs from his enemies. 

[0299] The key to solving this problem is to Weight each 
user’s ratings according to their reliability. For instance, if the 
author’s friends and enemies are providing ratings simply to 
satisfy personal needs to help or hurt the author, it Would be 
helpful if those ratings carried a loWer Weight than those of 
other users Who have a past reputation for responsible, accu 
rate ratings. 

[0300] A problem solved by this invention is to provide a 
Way to calculate that past reputation. 

[0301] This reputation can be thought of as the expected 
“value to the system” of the user’s ratings. This is bound up 
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With the degree to Which the user’s ratings are representative 
of the real opinions of the population, particularly the popu 
lation of clusters Which are more appreciative of the genre 
into Which the particular artist’s Work ?ts. 

[0302] (To measure the user’s overall contribution to the 
system, We can multiply the expected value of his ratings by 
the number of his ratings. Users Who contribute a large num 
ber of valuable [representative] ratings are, in some embodi 
ments, reWarded With a high pro?le such as presence on a list 
of people Who are especially reliable raters.) 

[0303] One can measure the representativeness of a user’s 
ratings by calculating the correlation betWeen those ratings 
and the average ratings of the larger population. 

[0304] This analysis of measuring the representativeness of 
a user’s ratings has s major limitation, hoWever. It doesn’t take 
into account the fact that a rating has much more value if it is 
the ?rst rating on an item than if it is the 100th. The ?rst rating 
Will provide real guidance to those Who are Wondering 
Whether to doWnload or buy a recording before other ratings 
have been entered; the 100th rating Will not change people’s 
actions in a major Way. So early ratings add much more actual 
value to the community. Also, later raters might choose to 
simply copy earlier raters, so they can mislead any correlation 
calculations that Way. 

[0305] Therefore, We Want to Weight earlier ratings more 
than later ones. The question is, hoW much more valuable is 
the 1st rating than the second one, and the 2nd one more than 
the 3rd, etc.? 

[0306] Let S be the set of all items; let N be the number of 
all items; for s as and 0<i§N, si is the ith item. Let u be the 
user Whose rating representativeness We Wish to compute. 

[0307] Let gi,L1 be the number of ratings received by si pre 
vious to u’s rating. (i.e., if u gives the ?rst rating for item si, gi,L1 
is 0.) Let ti be the total number or ratings for the ith item. 

[03 08] Let ri,L1 be u’s rating of the ith item, normaliZed to the 
unit interval. Let ai be the average of the ratings for the ith item 
other than u’s, also normaliZed to the unit interval. 

[0309] Let k1 and L2 be constants. 

[0310] Let qL1 be the representativeness of u’s ratings, cal 
culated as folloWs: 

[0311] Then qL1 is a number on the unit interval Which is 
close to 1 if the “’s ratings have tended to be predictive of 
those of the community as a Whole, and 0 if not. 

[0312] K1 and k2 are tuned for performance. k1 is a param 
eter of the cumulative exponential distribution determining 
the rate of “drop-off’ associated With the importance of a 
rating as more ratings for a given item precede N ’s rating. k2 
is a parameter of the cumulative exponential distribution 
determining the rate at Which the drop-off is associated With 
the number of total ratings. For instance, if there are no ratings 
for an item other than “’s, the rating has no importance in 






































