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Abstract
The objective was to explore a relationship between the economics of religion and the attributes of online
patient groups by testing the hypotheses that (1) the harsher the entry requirements to an online patient
group, the more active its members are; and (2) membership homogeneity in a given group is reflected in
the educational level of group members. Online groups were randomly chosen from the ‘Yahoo groups’
category of ‘Illnesses’. The hypothesis about entry requirements was narrowed by defining those
requirements as either ‘Open’, ‘Register’, or ‘Closed’. The number of messages over a 4-month period
in each of 162 different groups was tallied. The hypothesis about membership homogeneity was refined
by counting the citations in messages and by predicting the educational level of members (as reflected in
the average word length of messages) based on these citation counts. Across 162 groups, the number of
messages was significantly less in Open groups than in Register groups and less in Register groups than
in Closed groups. Across 14 groups, the average word length of messages in a group positively correlated
with the number of citations in that group. The hypothesis is supported that increased group entry
barriers correspond to increased group message activity and members tend to be similar within a group.
These attributes could be used to help design effective groups.

Keywords: Group processes, online systems, consumer participation, cultural anthropology, information
storage and retrieval

1. Introduction

Research in the economics of religion shows that a strict membership requirement often goes

hand in hand with strong growth of a religious group [1]. Religions which permit anyone to

join and which make few demands on members may garner many members but paradoxically

display little activity. The economics of religion draws on the theory of clubs. One challenge of

a club is to minimize the number of non-participating or ‘free-loading’ members and to insure

a certain homogeneity in the membership of the club [2]. One published research proposal [3]

applied club theory to online groups but does not seem to have led to further publications.

The work reported here applies results of the economics of religion and of club theory to

online patient groups.
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Many patients do not receive support-group interventions [4] because of practical

problems, such as a lack of transportation or inconvenient meeting times. While patients

prefer one-on-one dialog with the doctor or nurse over online information, online information

is easier to obtain [5]. Online patient groups are an increasingly important source of

information and support for patients [6]. Studies of online groups have shown that:

. Some patients in online discussions want information in the first phase when they learn

about their disease but later want empathy [7].

. Some patients want an online system that requires a registration of participants, permits

anonymity, and is backed by a recognized institution [8].

. Geographical proximity of members [9] affects group vitality but not group size [10].

. A group moderator can stimulate member participation [11] or interfere with it [12].

. A meta-analysis of Interactive Health Communication Applications concluded that

patients who use computers benefit both socially and medically from this intervention

[13].

Authors often conclude that the rigor of methods in studying online patient groups needs to

increase [14].

2. Methodology

Patient online groups were sampled and studied in two, related experiments. One experiment

focused on entry requirements, and the other, on membership homogeneity.

2.1. Entry requirement

Groups may be categorized by their entry requirements. A group might have a moderator

determine whether someone can read the messages in the group (call this a ‘Closed’ group).

In the ‘Closed’ type of group, a potential member must complete and submit an application

before learning whether or not entry will be granted. Other types of group fall into at least two

categories: requiring registration (the ‘Register’ group) and requiring nothing (the ‘Open’

group). To enter a ‘Register’ group, a person must have first registered with the group system

(which anyone can do) and then enters the group with the system ‘user name’ and password.

In the ‘Open’ group, an unidentified person can read group messages.

The vitality of a group can be measured via a content analysis of messages [15], visualizing

patterns of interactions [16], or, as in this study, simply counting the number of messages that

the group exchanges over a period of time [17]. The hypothesis is that ‘Closed’ groups will

tend to exchange more messages than ‘Register’ or ‘Open’ groups. In this study, the number

of members per group is also recorded, and the correlation between the number of messages

and the number of group members is computed.

To find groups to study, Yahoo Groups (http://groups.yahoo.com/) was visited, and

the Yahoo groups category of ‘Illnesses’ was chosen from the options at http://health.dir.

groups.yahoo.com/dir/Health_Wellness/Support/Illnesses (call this the root node). The

Yahoo ‘Illnesses’ category was the parent of a tree (in the graph theory sense) where inner

nodes represent categories, and leaves represent patient discussion groups. This tree

contained 13,741 leaves or patient discussion groups. By way of illustration, after the

‘Illnesses’ category was selected, the user was shown a page with 136 categories, such as

‘Cancers’ and ‘Anemia’, and after the ‘Anemia’ category was chosen, the user was presented

23 leaves or groups. A traversal of the ‘Illnesses’ tree identified the groups for the study.
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The traversal algorithm was a modified depth-first search [18]. The search began at the root

node and randomly chose a child of that node. Microsoft Excel’s ‘RandBetween’ function was

used to determine a random number in the range between 1 and the number of descendants

of the root. The depth-first search proceeded from parent to child until a leaf was reached.

The sibling leaves were randomly sampled until a maximum of 20 unique groups from that

disease category had been collected, at which point the search algorithm backtracked and

proceeded down another branch of the tree. In total, 162 groups were collected by manually

implementing this algorithm.

For each of the 162 groups, values for various attributes were obtained from the Yahoo site.

While the Closed groups required an application from the user before the user could read the

group’s messages, for all groups Yahoo provided a summary page that listed the number of

group messages by month for the lifetime of the group. The attribute values collected were:

. group required registration (Yes or No);

. group required application (Yes or No);

. number of messages in September 2005;

. number of messages in October 2005;

. number of messages in November 2005; and

. number of messages in December 2005.

The collected information was recorded in an Excel spreadsheet.

2.2. Membership homogeneity

In addition to exploring membership entry requirements, this work explored homogeneity in

the membership of a group. While most online group members are lurkers [19], messages in a

group reflect a group culture. Some patients who go online for help are well educated [20]

and may want to participate in a group with other well-educated people [21]. However, in

Yahoo Groups, the educational level of participants is not directly given. Instead, the

researcher can measure various attributes of messages that might relate to educational level.

The two attributes that will be studied here are (1) the average number of citations in

messages of a group and (2) the average word length of messages in a group. The amount of

citing will be taken as the independent variable, while the dependent variable will be the

average word length of messages. The hypothesis is that groups whose messages contain more

citations are likely to have longer words in the messages. The average word length is clearly a

surface feature, although it has been found to correlate well with deeper characteristics like

discourse structure [22] and, in turn, educational level.

The sampled groups from the ‘Entry Requirement’ experiment were considered for this

‘Membership Homogeneity’ experiment. If an ‘Open’ or ‘Register’ group had more than 20

messages for each of September, October, November, and December 2005, then the group

was eligible for inclusion in the ‘Membership Homogeneity’ study. Groups that required a

membership application were not used. From a set of sibling groups (the leaves of one disease

category), two groups were chosen. In this way, 14 groups from seven disease categories were

selected. For instance, the ‘Anemia’ node has 23 leaves, and data from two ‘Anemia’ groups

were used.

For each of the 14 groups, 40 messages in chronological order were selected. Information

about each message was stored in a row of a Microsoft Excel spreadsheet. One column was

used for the contents of a message. Other columns in the row were used to record derived

attributes of the message.
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One set of message attributes covered the extent to which a message cited other

information. Pilot studies produced a categorization of citations. The categories of citation,

with an example of each follow:

. Research Report: a journal article with the scientific details of the results of a clinical trial;

. Mass Media News: a newspaper article with a popularization of a new medical research

result;

. Government Policy: a publication describing a policy, such as for government-sponsored

coverage of a particular treatment;

. Medical Device: brochure about attributes of a wheel chair;

. Drug: a drug-company website where the details about a particular drug are documented; and

. Patient Support Source: a lecture to patients by a social worker.

Pointers to two categories of content were considered irrelevant and were excluded from

further consideration; these two types were:

. Advertisement: a commercial for a product; and

. Identifier: group member information not related to the discussion topic, such as a

signature line that points to the member’s Web home page.

The spreadsheet had a column for each of the relevant citation types, and the number of

citations of each kind was recorded in the appropriate cell of the column for each message.

Although a citation might fit into multiple categories, it was placed into only the one category

that seemed most appropriate. One column of the Excel spreadsheet held for each message

the sum across relevant message types of the number of citations.

In addition to content type, a citation might vary by medium type. For example, a citation

might include a Web address (such as www.sciencemag.org), a journal title (such as Journal of

Radiobiology), or a pointer to a lecture event. Separate tallies were not kept of citations by

medium type.

One column in the spreadsheet stored for each message the average word length of each

message. To determine average word length of a message, the Excel functions:

. TRIM to remove extra spaces and

. LEN to count the number of characters in a message

were used. For a message in cell D2, the formula LEN(TRIM(D2))/IF(LEN

(TRIM(D2))¼ 0,0,LEN(TRIM(D2))-LEN(SUBSTITUTE(D2,00 00,0000))þ 1)] computed

average word length. This formula essentially determined the number of strings without

blanks and divided that number into the number of non-blank characters in the message.

3. Results

The results are presented in the two categories of ‘entry requirement’ and ‘membership

homogeneity’.

3.1. Entry requirement

Each of the ‘Open’, ‘Register’, and ‘Closed’ types had more than 35 groups within it

(Table I). For each group, the total number of messages (call this value ‘TOT’) over the
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4 months was computed, and the average TOT across the groups of a type was computed

(Table I). The distribution of TOT across the groups of a type was highly skewed.

To visualize the distribution of TOT for a group type, histograms are presented. To draw the

histogram, the following 12 bin sizes were defined: [0 – 1), [1 – 8), [8 – 16), [16 – 32), [32 – 64),

[64 – 128), [128 – 256), [256 – 512), [512 – 1024), [1024 – 2048), [2048 – 4096), [4096 – 8192)

where ‘[a-b)’ indicates that the bin includes any number greater than or equal to ‘a’ but less than

‘b’. Twenty-one Open groups belonged to the ‘[0 – 1)’ bin (Figure 1). In other words, 21 groups

had no messages in the 4 months from September 2005 through December 2005. The group

might have never shown activity after it was created or might have been once very active but died.

By contrast, the three bins from 1024 to 8192 contain together only one group.

The group categories of ‘Register’ and ‘Closed’ show less skewness in TOT than the ‘Open’

group but remain highly skewed. The histogram of the ‘Closed’ group (Figure 2) shows that

11 of the 38 groups had zero members, but the distribution suggests a higher median than for

the ‘Open’ groups.

Given the distribution of messages across groups, a non-parametric statistical test was

chosen to evaluate the significance of differences in the distribution of messages by group

types. The hypothesis is that at the 0.05 confidence level the median TOT of:

. Open groups is lower than the median TOT of Register groups; and

. Register groups is lower than the median TOT of Closed groups.

The non-parametric test chosen was the Wilcoxon Rank-Sum Test for two independent

samples with correction for ties [23]. Both hypotheses are supported by the statistical test.

Figure 1. Histogram showing the distribution of messages across groups in the category ‘Open’, namely groups that

required no registration. The bin sizes indicate the total number of messages in a group over 4 months and are

bounded by 0, 1, 8, 16, 32, 64, 128, 256, 512, 1024, 2048, 4096, and 8192, as indicated on the x-axis. The number of

groups in a bin is indicated on the y-axis.

Table I. Number of groups and average number of messages for the three group types.

Group type Number of groups Average number of messages

Open 49 178

Register 75 169

Close 38 364
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Outliers are evident. The group with the most messages among the Open, Register, and

Closed groups was an Open group called the ‘colon cancer support’ group (http://

health.groups.yahoo.com/group/colon_cancer_support/) which had 6,830 messages over the

4 months studied. Some of the Closed groups never had a single message; requiring an

application before entry does not guarantee that any one will want to submit an application.

Nevertheless, the statistical results are consistent with the predictions from the economics of

religion: the groups with harsher membership requirements tend to be more active.

To test the relationship between activity and membership size, a correlation coefficient

between the total number of messages over 4 months for a group and the number of members

in that group was computed. The correlation coefficient was only 0.370. This low correlation

is partly because of the way messages and members were tallied: namely, messages were

tallied for the last 4 months of the year 2005, but members who joined at any times in the

group’s life were tallied. Yahoo Groups provides message counts by month but only provides

a single figure for the number of group members.

3.2. Membership homogeneity

The data from the 14 groups in the ‘membership homogeneity’ study show a wide variation in

the number of citations made in groups (Table II). The question of whether a higher-citing

group used longer words is addressed with two tests:

. First, the citations and average word length are ranked, and a Spearman coefficient of rank

correlation is computed. At the 0.05 confidence level, one can affirm a positive

relationship between (a) the total number of citations in the 40 messages of a group and

(b) the average word length of those messages.

. Second, for each of the seven pairs of groups (one pair per disease category), the group

with the greater number of citations also had a larger average word length than the group

with the lower number of citations. This result can be compared with tossing a coin seven

times and getting seven ‘heads’; in other words, by chance this would rarely happen.

This result needs to be tempered with the observation that a citation with a Web address

might be counted as a very long word by the Excel functions used in this experiment. The

correspondence between the Web address being both a long word and part of a citation might

Figure 2. Histogram showing the distribution of messages across groups in the category ‘Closed’, namely groups that

required members to apply to join. The bin sizes on the x-axis indicate the total number of messages in a group over 4

months. The number of groups in a bin is indicated on the y-axis.
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bias the results. However, the overall impression is that groups that cite external sources more

often have members who are better educated and that groups are self-selecting for

homogeneous member attributes.

Table II. Number of relevant citations over 4 months and the average word length of messages in those 4 months for

each of the 14 groupsa.

Group label Cites Average word length

A1 4 6.77

A2 0 5.76

B1 131 6.41

B2 0 5.29

C1 7 6.01

C2 3 5.82

D1 5 5.52

D2 16 5.65

E1 1 5.34

E2 0 5.28

F1 18 7.49

F2 13 6.35

G1 2 5.77

G2 8 6.1

aTwo groups with the same ‘disease category’ parent have the same first letter in their group label.

Figure 3. Screenshot showing software that the researchers developed to semi-automate data collection and analysis.

It was developed in Visual Basic and allows the user to specify a number of messages to import (in the lower-left

corner) from a Yahoo health group chosen from a pull-down menu (also in the lower-left corner). The actual Yahoo

screen is enclosed in the upper half of the window. In this screenshot, the view is onto the Yahoo group for ‘partial

esophagectomy’.
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4. Conclusion

The economics of religion and club theory suggest unorthodox examinations of entry

requirements and homogeneity in patient online groups. Yahoo health groups were studied

for the impact of entry requirements on the activity level in the group. Homogeneity in groups

was addressed by studying the extent to which a group members made citations and wrote

messages with long words.

Yahoo health groups have three different kinds of entry requirements: (1) open to anyone,

(2) only requiring to register with a Yahoo user name and password, or (3) requiring both a

Yahoo registration and submission of an application to a moderator of the group who decides

whether or not the applicant deserves admission to the group. These three groups were called,

respectively, Open, Register, and Closed. Consistent with results from the economics of

religion, the ‘Closed’ groups were the most active, and the ‘Open’ groups were the least

active, as measured by the average number of messages exchanged over 4 months.

Fourteen groups were studied for the number of citations in the messages and the average

word length of messages in the group. Statistical analysis shows a positive correlation between

these two attributes. Group systems, such as Yahoo Groups, might calculate the average word

length of messages in a group and make this value known to people who might join the group.

A patient who writes messages with a certain average word length might want to join a group

whose members write similarly.

This work might be extended in its method and its theory. From the methodological

perspective, the ‘Fleisch Kincaid Readability Rating’ might be a better measure of complexity

of messages than is average word length. Natural language processing programs could further

dissect patterns in messages. Another way to extend the methodology and facilitate data

collection would be to implement software to traverse groups and collect messages; the

author’s team has developed a software tool for this purpose that is illustrated in Figure 3.

The theories of clubs and religions could be further applied to the study of online patient

groups. For instance, the birth or death of a religion shows fascinating adaptations to socio-

economic circumstances [24]. Longitudinal studies of the birth and death of patient online

groups might be very revealing.
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