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Abstract| ProjectH, a large group of

international researchers, produced a

huge amount of data from computer me-

diated discussions. The data classi�ed

several thousand postings frommore than

thirty newsgroups. One approach to ex-

tract typical messages from this database

is presented in this paper. An autoassoci-

ative neural network was trained on 3000

coded messages and then used to con-

struct typical messages under certain

speci�ed conditions for several scenarios.

This paper illustrates the architecture of

the neural network that was used and

explains the necessary modi�cations to

the coding format. In addition several

\typicality sets" produced by the neural

net are shown and their generation is ex-

plained. In conclusion the ANN is used

to explore the types of messages that typ-

ically initiate or contribute to longer last-

ing threads.

I. Introduction

As computer networks expand into homes and

organisations, and high-speed network highways

provide a medium for communication and com-

munity formation on a scale that has never been

feasible before, new mores are created. People

invest varying amounts of time and energy in

communicating on computer mediated discus-

sion groups with people they have mostly never

met face-to-face. The communication

within these groups varies along a continuum

of interrelatedness.
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Rafaeli [4, 5], Rogers and Rafaeli [8] and

Rafaeli and Sudweeks [6] argue that the variable

that a�ects the interactive nature of computer-

mediated communication (CMC) is the theor-

etical construct of interactivity | the extent

to which messages in a sequence relate to each

other, and especially the extent to which later

messages recount the relatedness of earlier mes-

sages.

In this paper we use an autoassociative neural

network (ANN) to analyse and explore com-

munication density, the extent to which mes-

sages in a thread cohere. The data set com-

prises 3000 postings to 30 newsgroups classi�ed

on 46 variables or groups of features. In the

context of categorisation, each variable equates

with a reference point or feature within some in-

formation setting. We propose that the ANN is

capable of identifying the features of messages

that typically initiate or contribute to longer

lasting threads. Our �ndings support the con-

struct of interactivity as a variable of commu-

nication settings. We also demonstrate that an

ANN is a valuable preprocessor to other ana-

lytical methods.

II. The Data

A. Preprocessing

The data set was created by ProjectH [10], a

large group of researchers who collaboratively

collected a representative sample of computer

mediated discussions. More than a hundred

people from �fteen countries used computer net-

works to plan, organise and implement a quant-

itative study of social and linguistic dynamics in

public newsgroups and mailing lists. Batches of

100 messages were downloaded from publicly-

accessible archives of randomly selected discus-

sion groups on Internet, Bitnet and Compuserve



and coded on 46 variables (See [7] for a detailed

description of the methodology).

In all, 4322 messages were coded of which

1000 were double coded for reliability purposes,

2000 were single coded, and 322 were partially

coded batches. The partially coded batches

were excluded, and one of each double coded

list was chosen randomly resulting in a data-

base of 3000 messages.

B. Preparation for the ANN

The database was prepared for processing by an

autoassociative neural network. First, identi�c-

ation variables (author-id, coder-id and mess-

age-id) were deleted. Second, the date and time

variables were converted to two new entries, one

indicating day of week and the other time of day

(worktime, evening, night).

Third, three new entries were computed since

the exploration of the nature of threads was a

main focus of analysis:

� reference-depth: how many references were

found in a sequence before this message.

� reference-width: how many references were

found, which referred to this message.

� reference-height: howmany references were

found in a sequence after this message.

These entries were extracted from the original

database, but were not present in individual

entries, because they refer to sequences of refer-

ences. Figure 1 shows a reference-tree to illus-

trate the used terms. The thread is the longest

path from the top down into one of the branches

in this tree, in the example this would be the

path starting at A leading over B, E, G and K

to L. Message E in this �gure is being refer-

enced directly by four messages (F, G, H and I)

and results therefore in the reference-width=4,

the same message E references a sequence of two

messages (B and A), measured by the reference-

depth=2 and is referenced by another sequence

of three messages (G, K and L) leading to a

reference-height of 3. Note that several of these

messages could have been written by the same

author. Di�erent labels in this example only in-

dicate di�erent messages, not di�erent authors.

The �nal list, now containing 51 entries per

message, was recoded in a binary format for a

reference
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Figure 1: A reference-tree, illustrating the ter-

minology. A thread starts with message A

and the last message participating is L. Mes-

sage E is being referenced directly by four mes-

sages (the reference-width), references itself a

sequence of two message (reference-depth) and

is referenced by a sequence of three messages

(reference-height)

neural network (see table 1 for a few examples).

Since the original coding scheme had several op-

tions per entry (such as 4 di�erent options for

the number of lines of a message (< 10, 10{25,

25{100 and > 100), each entry was split into as

many features as the entry had options, i.e. a

binary coding scheme. The recoding resulted

in 149 binary features in the new database. A

complete list of features can be found in [1].

III. Applying an ANN to 3000 Messages

Since the data consisted of 149 binary features,

the resulting autoassociative neural network had

149 fully connected units with the usual sig-

moidal activation function. No additional hid-

den units were used for the experiments repor-

ted here. This leads to 149 � 149 = 22; 201

weights and 149 thresholds to adjust during train-

ing. Training was done using the well known

Hebbian training procedure, with an additional

stochastic annealing (see [9] for details). Al-

most 100 hours of CPU-time were spent before

the error rate of the network started to settle

on a plateau.



IV. Results from the trained ANN

A. Interpreting the weight matrix

A preliminary look at the weight matrix of the

�nal network gives �rst interesting insights.

Here only a few examples are listed:

� excitatory connections (positive weights):

{ the large positive weight connecting

unit 1, corresponding with the feature

lines-a (1{10 lines of original text)

and unit 13, opinion-a (no opinion

is stated), indicates a strong excitat-

ory in
uence. This leads to the con-

clusion that short messages (1) state

no opinion (13). However this does

not mean that short messages always

state no opinion, but it is a property

of the database the network picked

up. It is still possible that other units

inhibit unit 13 much stronger and

therefore it is not always going to be

active if unit 1 is active.

{ weight 1 ! 43: short messages (1)

request information (43).

{ weight 33! 1: unformatted messages

(33) are short (1).

� inhibitory connection (negative weights):

{ weights 54=55 ! 1: messages con-

taining artistic icon(s) (54, 55) are not

short (1), i.e. unit 1 receives strong

negative feedback from activated units

54 and/or 55.

Of course, those observations can only reveal

relations between a few of the networks' units.

To explore the dependencies between all of the

149 units, especially under certain conditions

(usually modeled through clamped units), the

network has to settle in a state with low energy.

Clamping of units can be used to restrict the

space the neural network is exploring to �nd a

solution.

In the case of the ProjectH-ANN, the clamp-

ing technique was used to de�ne certain prop-

erties of a message and to allow the network to

determine which other features are correlated.

This leads to the creation of typical examples

for speci�c features being on, discussed in the

next section.

B. Creating typical examples

To create a typical example, the feature(s) that

are required to be present in the feature set are

clamped and the network settles at the typical

pattern. This worked well in the controlled ex-

amples described in [2] but, in the case of the

ProjectH-ANN, there are several states the net-

work can settle in. This is mainly due to the

fact that the input data is not free of noise and

not all of the units are going to be strongly

correlated to other units (or correlated at all).

Therefore the random update of the states will

not always result in the same �nal state for the

network. Instead one would expect the unaf-

fected units to behave randomly and therefore

the number of di�erent states can be quite high.

But if the network is allowed to settle several

times, each time starting from a di�erent ran-

dom starting state and using another random

order for the asynchronous update, some fea-

tures occur more frequently in the �nal states

than others. Table 1 shows some activated fea-

tures when feature 29 (message contains hu-

mour) was clamped.

This list only contains a few of the 149 total

features, but it illustrates quite well how some

features are strongly correlated to the feature

that was clamped and others are not correl-

ated at all. For example, non-humorous mes-

sages seem to be gender speci�c, since feature

58 (gender-c, male) is on 80% of the 20 ex-

periments that were conducted. On the other

hand, considering that almost 75% of all mes-

sages were written by males, the signi�cance

of this information is probably not very high.

Also, non-humorous messages do not contain

abusive language, as the strong response on fea-

ture 112 shows. Interesting is feature group 33{

36, here none of the features has an exception-

ally high occurrence. This leads to the assump-

tion that a message containing humour does not

depend on the formatting. This feature group

seems to be not signi�cant to feature 29.

This process can be done for all features sep-

arately or for combination of features clamped

together. The result will be a list of features,



Table 1: The frequency of feature activations

for feature no 29 (message contains humour).

frequency
no. description of on

activations

1 1-10 lines of real message 40%
2 11-25 lines of real mes. 50%
3 26-100 lines of real mes. 10%
4 > lines 100 of real mes. 0%

5 no subject line 5%
6 subject line is appropriate 95%
7 subject line is inappropriate 0%

� � �

21 no question/request contained 70%
22 mes. contains question/request 30%

� � �

28 no humour contained 0%
29 message contains humour 100%

� � �

33 unformatted 25%
34 minimal formatted 35%
35 mostly formatted 35%
36 overformatted 5%

� � �

56 can't tell gender of author 0%
57 female 20%
58 male 80%

� � �

112 no abusive language 100%
113 abusive lang. about content only 0%
114 abusive lang. about person 0%
115 abusive lang. about general. others 0%
116 mixture 0%

� � �

each with an indication of how often the net-

work settled in a state which had this particu-

lar unit (or feature) being on. This information

can be used to produced typicality sets as shown

in the next section.

C. Typicality sets of features

Since the main focus of analysis is correlations

between features, it is interesting to extract a

set of typical features from the output of the

ANN. An a-priori speci�ed threshold � can be

used to choose features for this set. � determ-

ines how often a feature x has to occur in y's

feature set to be included in its typicality set

(i.e. x is typical for feature y). � can also be

interpreted as a minimum required correlation

between x and y.

The example from the previous section is again

used to show the resulting typicality set (see

Table 2). This table shows which features are

highly correlated with feature 29.

But so far there is no information about the

di�erential quality of the list. It is certainly

Table 2: The typicality set for feature 29 (mes-

sage contains humour) using � = 80%.

no. description

6 subject line is appropriate
9 regular msg

18 no apology
26 no challenge/bet/dare
38 regular capitalization
53 no artistic icons
58 male
68 no quoted text from this list
72 no CMC text quoted from outside list
95 no �rst person plural
98 addresses other person

112 no abusive language
117 no intention to prevent/calm tension
120 no identi�cation of status
126 no ending quotation
145 6pm{12am

possible that one or even several of these fea-

tures appear in almost every typicality-set and

are not well suited to distinguish between dif-

ferent message types. On the other hand, a

feature could just behave randomly most of the

time. It was therefore necessary to score the

sensitivity of each feature.

D. Scoring Features and Sensitivity

Of course, some of the features in the typicality

set might not be as interesting as others be-

cause they are typical for almost all messages

and therefore will be \on" no matter which fea-

ture is clamped. A feature behaving like this is

called insensitive. To distinguish between sens-

itive and insensitive features, the features have

to be ranked or scored in a way that indicates

the sensitivity of the feature to the clamping

of other features. This information is hidden

in the distribution of features over all typical-

ity sets and results in a sensitivity score for each

feature. A low sensitivity indicates that the cor-

responding feature either appears or does not

appear in almost all typicality set, a high sens-

itivity indicates an appearance that depends

heavily on the clamped feature. Insensitive fea-

tures can be seen as global characteristics of all

observed messages.

V. Typicality in CMC threads

The previous section described how typicality

sets for single features can be generated by an

autoassociative neural network. For an invest-



Table 3: Typical distinguishing features of a

referenced (or \interactive") message.

no. feature description score

2 11-25 lines of original text 1

6 subject line is appropriate 1

17 contains statement of a fact 1

21 no question/request 1

47 no emoticons 2

50 no punct device to express emotion 3

58 male 2

60 identi�es gender via name/signature 3

72 no CMC text quoted from outside list 2

98 addresses other person 1

igation of CMC threads and their character-

istics, some typicality sets are of more interest

than others.

To analyse the nature of threads, we need

to compare messages that start or continue a

thread with messages that are not part of a

thread. The reference-width variable was used

to characterize an \interactive" versus a \non-

interactive" message in the sense of participa-

tion in a thread. A message is called \inter-

active" if it is referenced by at least one other

message; that is, it participates in a thread. In

contrast a \noninteractive" message is not ref-

erenced at all; that is, it does not participate

in a thread. Clamping the corresponding fea-

tures (134 | no messages are referencing this

message, and 135 | 1{2 references to this mes-

sage) leads to two typicality sets for the two

types of messages being investigated.

Interestingly the two typicality sets have sev-

eral features in common. This is due to the fact

that not every feature is sensitive to every other

one. In addition some of the features have a

low sensitivity score, meaning that they are not

sensitive at all to other features. In creating the

typical \interactive" and \noninteractive" mes-

sage, features appearing in both typicality sets

were deleted and features with a too low sensit-

ivity score were discarded. This led to Tables 3

and 4 and �nally enabled us to extract some

properties of the messages in the database:

� An \interactive" message has medium

length (2) and an appropriate subject line

(6).

� A statement of a fact (17) enhances the

chances of being followed-up.

Table 4: Typical features of a nonreferenced (or

\noninteractive") message.

no. feature description score

80 no prev msg referenced by this msg 4

87 new topic, no reference to prev discussion 18

95 no �rst person plural 1

131 no references after this msg 9

� If, during an already ongoing thread, one

introduces a completely new topic (87), the

chances of getting a response are slim. This

point appears to be a very strong one be-

cause of the high sensitivity score of feature

87.

� Interesting also is that a message which

does not refer to another message seems

likely not to be referred to. But the sens-

itivity score of this feature is reasonably

low, which makes sense, otherwise threads

would never start. This discovery indic-

ates, however, that the start of a thread

with a new topic is not an easy task. Being

followed-up when one already participates

in a thread is much easier.

VI. Conclusions

We have described a novel approach of using

autoassociative neural networks to explore typ-

icality in computer mediated discussions. We

showed how to train an ANN and how the �-

nal weight matrix could be used to extract rela-

tionships between variables. We then used the

neural network to de�ne typicality sets for spe-

ci�ed features and showed how messages which

participate in threads (\interactive" messages)

can be distinguished from those messages not

participating in a thread (\noninteractive" mes-

sages).

This approach can be used to act as a prepro-

cessor for a more detailed statistical analysis,

concentrating on the subsets of features already

discovered by the neural network. The ANN is

used to discover feature groups that are cor-

related; further analyses would concentrate on

the strength and statistical signi�cance of those

correlations.

In addition the approach presented here pro-

vides insights into the quality of the database.

There are several blocks of features that are



Table 5: Sensitivity scores for some features

(see [1] for full list).

feature description score

style2-a no colloquial spelling 5
style2-b contains colloquial spelling 2

depend3-a no ref to manner of prev ref 4
depend3-b ref to manner of prev ref 2

gender3-a no gend spec terms re others -55
gender3-b gender spec terms regarding others 1

strongly correlated while other features are only

loosely or not at all connected. In contrast to

the example used by [3], noise from coder errors

as well as di�erences on opinionated variables

(as described by [6]) result in a database which

is not as well structured as arti�cial ones.

The possibilities for applying an ANN to the

data are far from exhausted; several other fea-

tures are well worth exploring (a few examples

are listed in table 5). style2, for example,

has high sensitivity scores for all features of the

group. This would be another way of exploring

the nature of threads. Also, an analysis about

the quality of interactivity could be performed,

by the depend3 features, which describe the

manner in which previous messages are refer-

enced. Yet another example is gender3 which

is also a feature group with high sensitivity scores

for all features of the group. gender3 codes

the fact that gender identi�cation is an issue.

The ANN-approach we presented in this pa-

per is obviously capable of extracting a form

of relationships between features. It also ad-

ded support to tentative hypotheses about com-

puter-mediated communication and identi�ed

new directions for research.
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