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This paper seeks to discover whether the known inaccuracy of informant recall
abput their communication behavior can be accounted for by experimentally
varying the time period over which recall takes place. The experiment took
advantage of a new communications medium (computer conferencing) which
enabled us to monitor automatically all the interactions involving i subset of the
computer network. The experiment sell was admintsterad entirely by the com-
puter, which interviewed informants and recorded their responses. Variations
in time period failed to account for much of the inaccuracy, which continues,
as in previous experiments at an uhacceplably high level. One positive finding
did emerge: although the informants did not know with whom they communi-
cated, the informants en masse seemed o know certain broad Facts aboutl the
communication pattern. All other fmdings were negative. For example, il is
impossible to predict the people an informant claimed 1o communicate with but
did not; and it is impossible to predict who the five people are that an informant
forgot to mention that she or he hiad communication with, Thus, despite their
presumed good intentions., our findings here confirm whal we have learned from
5iX previous experiments: what people say about their communicalions bears no
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resemblance to their behavior. This suggests that other forms of data gathering,
based on questions which require that informants recall their behavior, may well
be suspect.

1. INTRODUCTION

Much of social science is conducted by asking informants to describe

~ their behavior. This is true of studies of such disparate things as orga-
 nizational communications, food consumption, child-rearing practices,

sex role behavior, and so on. Studies of naturally occurring behavior fall

. into two groups, for our purposes: those in which it is possible to check
directly the accuracy of informants’ reports, and those in which it is not

possible to do so. Social-network data ere typically of the latter kind,
it is simply too unwieldy to check the accuracy of informants’ responses
to questions such as *‘who do you talk to?"" Besides, if one could easily
check the responses, then why ask the informants questions in the first
place?

Now it is obviously very important in any field to collect accurate
data. Otherwise, thegretical deductions made from data (e.g., about so-
cial structure) will be, at best, suspect. The validity of data about human
behavior has long been a source of vexation; La Pierre (1934) appears
fo have been among the first researchers (0 approach the problem ex-
perimentally. In a classic study, he toured the United States with a
Chinese couple, staying at hotels and eating in restaurants along the
way. They were served in 251 establishments, and were refused service
in only one.

Six months after the trip was over, La Pierre obtained questionnaire
responses from 128 of the establishmen:s. Ninety-two percent claimed
that they would not “‘accept members of the Chinese race as guests.”
Since then a greatl deal of research has shown that attitudes just do not
predict behavior in most cases. Deutscher (1972) has reviewed much of
the literature up to 1970; and McGuire (1975) has wondered in print why
researchers remain preoccupied with attitudes at all,

If the problem were simply of correspondence between attitudes and
behavior, then it could be circumvented by asking people what they do
rather than how they feel about certain things. Imagine, for example,
what might have happened had La Pierre asked his respondents if they
ever had given service to a Chinese person rather than whether they
wewld, One might assume that asking people what they do 15 a better
proxy for what they do than asking them how they feel.

Unfortunately, as far as we are aware, whenever researchers have
tested this assumption, people have not been able to recall their behavior
accurately. For example, since at least 1951 (Meredith, Matthews, Zich-
efoose, Weagley, Wayave, and Broon) students of human nutrition have

' known that people do not recall with any accuracy what they eat, even
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in “‘the past 24 hours.”" Researchers have been attempting to deal with
the problem continuously since then, and especially in the last 10 years
(see, for example, Beaton er al., 1979, and Greger and Etnyre, 1978).
Again, a study by Horn in the Netherlands (reported by Sudman and
Bradburn, 1974, p. 81) found that *'47 percent of respondents who con-
sulted records gave the correct balance in their savings accounts, while
only 31 percent of respondents wno did not consult their records gave
the correct balance.” This last example was cited in the context of a
vast literature to improve response rates to social surveys; the fact that
53 percent of respondents, after looking at their accounts, still failed to
quote their balance accurately was not seen as a source of worry.

In human communications research, it appears that researchers have
trusted their data. We are unaware of any research before 1969 which
addresses the question of data accuracy in any way—excepl for isolated
calls that data accuracy should be checked (Tagiun, Blake, and Bruner,
1953). In 1969, however, Hammer, Polgar, and Salzinger, as part of a
study of speech predictability, were forced to conclude that their in-
formants’ cognition '‘does not constitute an adequate substitute for ob-
servation of behavior.”’ This pessimistic conclusion appears to have been
universally ignored by students of social networks (we ourselves were
unaware of it until recently).

In 1975, we began a series of papers (Killworth and Bernard, 1976;
Bernard and Killworth, 1977; Killworth and Bernard, 1979a; Bernard,
Killworth, and Sailer, 1980—herescfter referred to as A |Accuracy] 1-1V)
to examine the accuracy of informants’ cognition about one form of their
behavior, specifically the response to the guestion “who do you talk
to?"" We were interested in this particular question since some form of
it is almost universally asked (as the source of the data) in studies of
human communication. Qur studies involved the examination of many
naturally occurring groups whose behavior was either automatically, or
at least fairly unobtrusively, monitored. We compared the answers lo
the question “‘who do you talk to?"" (recall data) with the actual com-
munications of the informants (behavioral data).

Qur main conclusion was that our informants could not recall with
acceptable accuracy whom they communicated with in a group over a
period of time. For example, informants claimed they talked to people
they never actually talked to; they claimed they never talked to people
they did talk to; and they were anable to rank or scale their commu-
nications accurately even when referring to the people with whom they
communicated the most.

We considered the possibility that individual differences among in-
formants (on socioeconomic indicators, or on how accurate they felt
they were, for example) might help to account for variation in their
accuracy (All). We have found nothing that accounts for substantial
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- parts of variation in informant accuracy. We also considered the pos-
sibility that different structures of groups of communicants might be
related to accuracy of communication recall. We tested many different
triadic structures, and again found nothing to account for variation in
informant accuracy, though we did find that both recall data and actual
communication data possess significantly high or low amounts of struc-
ture on every structural indicator we could think of. Unfortunately, the
structures in any particular set of recall data were never produced by
the same triads as those in the matched set of behavior data (Alll).

Finally, we considered the possibility that informant accuracy is a
function of subgroup organization (AlV). Perhaps modern clique-finding
algorithms might uncover an essential, underlying agreement between
recall and behavior data? Again, this turned out not to be the case. The
three clique finders we used (chosen because they represent three major
traditions in the literature) failed to produce similar cligues in our
matched sets of recall and behavior data (or with each other).

Of course, it is possible that informant characteristics really are re-
- sponsible for variations in accuracy of communications recall data. It
may be that we have simply not made the correct comparisons. Similarly,
there may be triadic structures which would give better answers than
those we have tested; and there are certainly many clique finders which
we hiave not examined.' Furthermore, there are many other potential
factors which may account for variations in informants’ accuracy. A
particularly interesting one has been suggested by Burt and Bittner (1981):
that an individual's structural position in the network (as measured by,
say, centrality), may determine the level of his or her accuracy.

In this paper we examine the possibility that the inaccuracy we have
found is a function of time period over which informants are asked to
recall their behavior. All our previous data sets have been based on
informant reports of their behavior during one of three “windows™: the
previous 5 days; the previous month; and the forthcoming month. Any
period of time, or window, can be characterized by two guantities, which
we call “lag” and “‘width.” Width is the amount of time over which
informants are asked to recall their behavior. Lag is the amount of time
that has elapsed since the end of the window. Thus, the 5-day windows
in some of our previous experiments have a width of 5 days, and a lag
of, at most, 1 day.

The majority of questions asked by students of social networks have
a lag of less than | day, with widths that range from a few days to the
~ lifetime of the informant. It seems plausible that very recent time win-

' Burl and Bittner (1981) have pointed oul that the cligue finders which we used do not
- pecessarily produce statistically adequate subgroups. We support their call for testing the
adequacy of subgroups, and we note that this has nol been done until very recently with
the advent of algorithms for doing so. We have a gnawing suspicion that this will only
farther invalidate much of sociometric and social-network research.
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dows should tend to be more accurate than windows far in the past,
“Who did you talk to one minute ago?"’ should tend 1o be more accurale
than windows far in the past. “*Who did you talk to one minute ago™
should yield more accurate data than *“*who did you talk to for a minuig
at this time last month?"" Similar variations in accuracy could be caused
by different widths: ““who did you talk to during a period of a week, 4
month ago?"” Is there a combination of lag and width which yields the
most accurate social-network data? '

In order to explore this, we conducted a totally automated experimen
using a computer-based communication system known as EIES. Both
behavioral and recall data were gathered by the computer. In Sectioy
2, we describe the communications medium, and in Section 3, we provide
details about the experiment itself and the data acquisition.

2. EIES: ACOMPUTER-BASED COMMUNICATIONS MEDIUM |

Prior to this experiment, all our work had been on single-time windows,
In order to study the accuracy of recall over multiple-time windows,
either of two things is required: (a) many experiments, on many differen
groups, over many windows; or (b) a single experiment on a group
engaged in continual conversation over a long period of time.

An ideal example of the latter case is the Electronic Information Ex
change System (EIES) at the New Jersey Institute of Technology. The
system was developed and funded by the National Science Foundation
as a means of improving communication among scientists. The idea was
to enable scientists to communicate via computer rather than on a face
to-face basis, and to improve their scholarly productivity.

A complete description of ELES, including its technology and design
philosophy may be found in Hiltz and Turoff (1978). Briefly, EIES allows
an individual to exchanhge messages with others on the system by leaving
the message in a ceniral computer for pickup during the next time the
“‘receiver’’ logs on. Messages may be addressed to single individuals,
with or without copies to other individuals. Messages may also be senl
to “groups.”” A typical group on EIES consists of between 10 and 10
people who have common interests and who are working on a commog
problem. Many groups on EIES are composed of scientists who hold
ongoing ‘‘conferences” for periods of up to 2 years. Members of a group
are free to enter into small or large conferences with subsets of thei
own groups, or of other groups.

“Conference comments' are a kind of public messapge submitted by
a conferee for all members of a conference to read. Conference topics
range from broad, theoretical discussions of, for example, general sys
tems theory to very specific work-group discussions of, for example,
data manipulation techniques. One EIES group planned and executed
the experiment reporied in this paper.

L]

(1% 5 T

L e T T

ren snmmanacatione betwesn individoales only the




INFORMANT ACCURACY IN SOCIAL-NETWORK DATA .

sender or the addressees of a private message are privileged to access
that message. Private messages include side remarks about conferences;
personal letters between friends, enemies, and colleagues; and chitchat
between casual EIES acquaintances. Every EIES participant can be
identified and addressed by name, nickname, or number (e.g., H. RUS-
SELL BERNARD, RUSS, or 357).

In other words, conferences function like the formal organizations of
 a business or university department. The private messages replace what

might be called the “*day-to-day communication network,” where people

talk about work and more casual social relations. Many studies of social
networks in such environments have been conducted, the advantage of

EIES for our purposes is that every nonformal communication (i.e, pri-

vate message) can be permanently recorded. The privacy of the content

of those messages is zealously guarded. We do not treat the content of
messages in the experiment, only what is known as ““who-to-whom
traffic,” or who communicated with whom, and for how many lines of

Lype.

At first glance, EIES may appear to be a rather "exotic’ communi-
cations medium for a naturalistic study. After all, the overwhelming
majority of scientists, much less the rest of the world, do not (yet)
communicale via computer. Some of the data used in AlI-AIV (teletype
messages between deal people, voice-activated tape recordings of ham
radio operators) might also appear esoteric. There are at least {wo reasons
why EIES is a legitimate medium for the experimental study of com-
munications recall, and is not exotic.

(1) The group is simply not exotic for what we are studying. It occurs
naturally and involves a subset of the population we wish to study. Some

_subsets are indeed larger than others; there are more than 300,000 ham
radio operators in the United States alone, and there are more deaf
“teletype users than there are computer conferencers. But they are all
. human beings, of the same general cultural background, whose accuracy
| of recall we are interested in testing. Clearly, we cannot generalize about
' the structures found in such groups to the world at large. But we can
and do) generalive abouw! our informants’ ability lo recall thewr
| communications.

(2) 1t is true that teletypes, radios, and computers are relatively rare
media of communication. However, it turns out that the accuracy of
informants who use these media is just as poor as that of informants
who do not. We have studied several face-to-face groups: two offices
(AIl) and a fratermity (Killworth and Bernard 1979b). All of the previous
work, then, indicates that one should not expect EIES to be a “*special
case.”” Indeed, it turns out not to be. Of course, the structures in each
¢ of these groups are *‘special’; this is trivially true of any group one
' might study. But we have been studying the instrument used to gather
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3. THE EXPERIMENT

Between December 1978 and Aoril 1979, 57 paid volunteer EIES users
participated in our experiment. They ranged in age from 18 to 64, and
included students and scientists from many different fields. An invitation
to participate in the experiment was sent to over 150 EIES members via
a personal message from Bernard.” Depending on the rate ol their EIES
use, each informant took up to 37 interviews, each for a specific lag and
width., When an informant logged in to EIES, the computer selecled a
window and administered an interview. The informant was asked to list
the people with whom he or she communicated during that window,
Next, informants were given an opportunity to add or to delete names
from the list, and were asked to estimate the number of messages and
the number of lines sent to and received from éach communicant recalled.
(Such quantities may be difficult for informants to estimate. However,
we have no way of knowing which, if any, are accurately recalled)
Finally, they were asked to rate their confidence, in several different
ways, on a scale from | to 7, about the information provided.

At the end of each interview, informants were given the opportunity
to send the experimenters a message containing any observations or
suggestions they wished to make. Twenty-seven windows were estab-
lished according to the pattern shown in Table 1. Windows were sclected
for informants in random order. The window selection was modilied by
computer throughout the experiment (o ensure even coverage of all the
windows in the experiment. The remaining 10 windows we call *‘last-
ons’"; for these windows people were asked to recall their communi-
cations during the last time they were on EIES, This ranged from several
weeks to several minutes in lag. Twenty-three informants completed all
37 windows and both interviews, and, out of 57 informants, no regular
window was taken fewer than 32 times or more than 38 times, Twenty-
two informants took all 10 last-on windows, and 37 people took at least
one,

On EIES there is a phenomenon called “*deleted” messages—messages
sent, and possibly received, but then purged from EIES before our data
collection routines could collect them. Eight percent of the 1211 inter
views are contaminated by deleted messages, but never by more than
One message per interview.

Two questionnaires were also administered by the computer. The first
interview collected data on all our informants’ age, sex, self-reported
ELES use, and seven se¢lf-reported estimates of memory (e.g., ““how well,

P A copy of the two-page invitation letter. and full documentation of the experiment,
is Contained in a technical report, available from the authors; the Office of Naval Besearch,
Code 452, Arlington, VA, 22217; or NT.S. The report is called “*An Experimenl on the
Degradation of Accuracy in Human Reczll of Communications™ (see Bernard, Killworth,
and Sailer, 1979) and contains a codebook for the publicly available tape of the data from
the experiment. The tape is available from Bernard.
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TABLE 1
Window Listings
Interviews
Window Width Lag Time ago completed

1 0 31 Gl i6
2 0 1 30 36

i 14 47 6 15
4 ) 17 30 £ 1]
5 14 ! 14 15
b T 54 ] 12
7 7 24 30 34
8 7 H 14 35
9 7 I 7 34
10 3 58 6l H
11 3 28 30 36
12 3 12 14 37
13 3 5 7 35
14 3 1 3 34
15 2 59 &) 35
16 2 29 30 36
17 2 13 14 35
18 2 [ 7 34
19 2 2 i 35
20 2 1 2 34
21 | 60 i) 37
n I ] 30 38
23 | 14 14 13
24 1 7 F 7
25 ] a 3 Kk
26 1 2 2 34
7 | i | 37
28 Last on Last on Last on 17
fa Last on Last on Last on 34
10 Last on Last on Last on 29
3l Last on Last on Last on 15
E A Last on Last on Last on 24
3 Last on Last on Last on 24
34 Last on Last on Last on 23
is Last on Las! on Last pn 23
36 Last on Last on Last on 22
17 Last on Last on Last on 1

Note. Width and lag are defined in the text; time ago is the lime between the interview
date and the start of the window. All times given in days.

on a scale from 1 to 7, do you remember birthdays?", “*how well
names?'’', etc.). The second interview was taken by the 22 informants
who completed all 27 of the basic window interviews. It again asked for
information on EIES use, and also asked informants about the 20 people
with whom they had actually communicated most. For each of those 20,
informants were asked to rate (on a scale of 1-7) the importance of

e ————
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communication, how satisfying it was, how desirable communication was
with that person, and how interesting it was.

Data collection in this experiment was, in a sense, scheduled at the
leisure of the informant, and performed by the central computer itself.
Thus, it was possible to allow our respondents some control over the
progress of interviews. An informant could withdraw from the experiment
(permanently or temporanily) at any time. Informants could check on
their own accuracy for the previously completed interviews by using a
routine called *‘feedback.” They could also check on their general prog-
ress by using a routine called ““windows."

Two other routines were introduced which we felt might illuminate the
causes of variation in information accuracy. These were called "‘ran
check’ and the "*harassment limit.”" The interviews were administered
randomly at the very beginning of an EIES session at a rate sufficient
to keep all the subjects at the same pace. For any given interview, a
respondent was allowed to take a rain check of from [ to 7 days. (This
was changed to 1-3 days later in the experiment, since we felt things
were going too slowly.) After taking a rain check, there was no way a
respondent could avoid an interview the next time he or she logeed onto
EIES.

The harassment limit was the maximum amount of bother that an
informant was willing to put up with in one session. After cach interview,
which averaged about 6—8 min, if sufficient time was left in the harass-
ment limit, a last-on window was administered. Most informants selected
20 min as their harassment limit.

All the software for the experiment was written by Peter and Trudy
Johnson-Lenz. This included all the routines which kept track of the
behavioral data, as well as those which administered the interviews and
which allowed participants to enter or withdraw from the experiment,
to check on their progress, and so forth. David Harvey and the EIES
technical staff at the Computerized Conferencing and Communications
Center at the New Jersey Institute of Technology wrote the data from
disk to tape. The success of this experiment 15 due entirely to the hard
work of these individuals.

4. MEASURING ACCURACY

There are various ways one might wanl o measure accuracy, each
way is a function of what a researcher might want to do with the recall
data at his or her disposal. For example, if the data were gathered in
the form ““who are the three people you communicate with the most?”
then the researcher would only require that the three persons named by
an informant were indeed the three most frequently communicated with
persons in the informant’s network. (After all, many messapges between
persons are trivial and incidental; one would hardly be surprised if these
messaves were not recalled.) Furthermore, the ordering of the three



IMFORMANT ACCURACY IN SOCIAL-NETWORK DATA 39

~ would clearly be irrelevant. Another researcher might want to know the
~entire network of each person: he or she would then require that all and
only those pcople spoken to by cach informant be named. Yet another
researcher might be analyzing the frequency (number of contacts or
messages) or amount (number of lines, or words, or minutes) of com-
munication. He or she would have far more stringent requirements on
accuracy than the first researcher, who needed only three names.
Different research goals invoke different definitions of “‘accuracy.”
For our purposes, we created 48 different measures of inaccuracy, most
~ of which were used previously in this series of papers. They fall into
broad classes which make them easy to describe. Each measure is com-
puted separately for messages the informant recalls sending to people,
those from people, and those both to and from, combined, shown in
Table 2 as T,F,B. Each entry in Table 2 defines an inaccuracy measure
- which appears in the analysis to follow,
~ The first six classes use only the names of those recalled and those
. actually communicated with. (Measures that use *'number of messages,”

~ and “‘number of lines" as indicators of intensity of messaging follow.)

T1, T1P, and T2P are straightforward. T12A4 counts the number of mis-
takes (T1 + 72) as meaningful in relation to the total number of people
actually communicated with., TI2ZAR counts the number of mistakes as
a percentage of the total number of people actually communicated with
for that informant and window,

The second and third classes of inaccuracy measures use either “*num-
ber of messages’™ or “number of lines' as indicators of intensity of
- communication, noted in the table as M or L. This allows us to rank
* the recalled and actual communicants, and to see, for instance, whether
- people can recall with accuracy those pzople with whom they commu-
nicate most. (It might be argued that importance and not intensity of
© communication should be examined; but importance is subjective and
we have no corresponding objective measure.)

TOPS, TOP3, and TOFP1 measure the percentage of errors people make
about those they report as their most frequent communicants. (The idea
_is that people may well be mistaken about their infrequent communicants,
- but should recall frequent communicants accurately.) WIN2 suggests

* that people might be able to recall those people most frequently com-

municated with, but that the exact ranks might be off by 2 or so, and
still be counted as correct. WIN 20 indicates when someone recalls those
people whom he or she actually communicated with in the correct order.
However, there is no penalty for leaving people out randomly.
Reading the measures of inaccuracy is now straightforward. For ex-
ample, T1PF is the percentage of messages from others recalled by the
informant which in fact did not exist. And TOPSTL is the percentage
of people reported to be in the top 5 most frequently communicated with
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(measured by estimated number of lines) who were not actually in the
top 5 (measurcd by wactuwal number of lines), Virtually all of the per-
centages in this stndy are what Tukey (1977) calls *‘started.”” For ex-
ample, instead of T1P = TUNR we actoally use TIP = (T1 + §)/(NR
+ 4) except, of course, when NR is zero, when T1P is undefined.” The
specific purpose 1s 1o make a small adjustment to all of the ratios which
will permit later transformation by logs, inverses, ratios, etc., where
values of zero cause problems,

All of these measures take a value close to zero when the recall is
accurate, and increase with inaccuracy. Most measures tend to a max-
imum of 1 when the recall is totally inaccurate, the exception being T1
artd 72 (which are straight counts) and T124 (which can, and frequently
does, exceed unity),

In the descriptions which follow (and indeed throughout this paper)
we shall refer to the “windows' section of the data only (that is, leaving
out “*last-ons’’), unless otherwise specified.

A simple comparison of the number of people recalled and the actual
number of people communicated with demonstrates the unacceptable
level of error in the data. On average, 2.5 (5D 4.2) people were recalled
as being communicated with; this number ranged from 0 to 48 in the
data. However, 6.0 (5D 10.9) people were actually communicated with.
This number ranged from 0 to 111. Thus, the gross underestimation of
communication found in ALIl continues to be present in these data.

The average values, standard deviations, minima, and maxima of the
48 accuracy measures are given in Table 3. There are several things
which are immediately apparent. For example, the levels of inaccuracy
are indistinguishable among the *"to,"” “from,”” and "*both’" values within
any given measure, and the same is true for “‘messages’ and *‘lines.”
Although the number of cases involved runs from almost 250 to 950 (one
cannot define TOPI1, for example, if no contacts were recalled), the only
significant differences between T.F, and B, or M and L, is in the simple
count measures T1 and T2, which one would expect. This is a little
surprising. We might have expected informants to better recall “‘to"
messages, which they initiate, then **from” messages, which are initiated

' The removal of certain measures from consideration when, for example, NR or NA
it zero. may appear to bias the averages which follow in the text. (We defer consideration
of WA or AR with values of zero unt] Section 7). The averages of various measures
quided in this paper are biased in a statistical sense, due to the starting involved. This
results in a shift toward .5 in all fraction-type measures; high inaccuracy is decreased by
this, low inaccuracy is increased. The diflferences are numerically small except at extreme
CRSCS, near zero or unily, when they increase to about 109%. Monte Carlo simulations show
that the mean of the unstarted fractions & unbiaged but inefficient; the mean of the started
fractions is hinsed bul more efficient, Opinions were divided between the authors as to
which is the better approach. In the erd, it i5 probably a question of each researcher’s
hackpround.
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More., Measures are defined in Table 1.

INFORMANT ACCURACY IN SOCIAL-NETWORK DATA 43

by others. This is simply not the case, as Table 3 demonstrates. So
unless otherwise specified, we will refer to measures without detailing
o, from, both, messages, or lines.

Only a small number of people were recalled who were not actually
commumecated with (T1) in a given window: .63 (5D 2.1). On one mem-
orable occasion, however, 48 people were recalled—the maximum num-
ber ever recalled, in fact—but none were actually communicated with.
(Of course, this may have been deliberate sabotage; but any study in
social science 1s subject to such potential sabotage. Recall that any
sabotage is part of the inaccuracy of the instrument being tested.) Al-
though the figure of .63 is an apparently small error, as a percentage of
the number of people recalled (T1/7), the error is 30% (5D 329). Thus,
of those recalled, about one-third were not communicated with.

The figures are worse if one examines how many people were not
recalled but should have been (72). On average, 5.1 (5D 9.3) people
were forgotten, with an awesome maximum of 93, This is also a high
percentage of the number of people actually communicated with (T2F),
namely, 669 (50 78%). In other words, two-thirds of the people an
informant received messages from were forgotten.

Counting each occurrence of these two mistakes as an error, we can
count how many errors each informant makes. If the informant says he
or she talked to A, B, and C but really talked to A, B, and D, the
informant made two errors: of commission for C and omission for D.
Judged as a percentage of the number of people the informant really
communicated with (here 3), this would give an error of two-thirds, or
67%. The real figure is rather higher: TI12AB = 79% (5D 46%). So,
roughly, four-fifths of the list of people recalled by an informant is wrong
in some way.

Now many sociometric studies concentrate on only the main com-
municants for each informant (neglecting infrequently communicated
with people, which are, it is hoped, the main sources of the above error).
As we found in Al-I1, however, it turns out that informants know their
most frequent communicants no better than they know their other com-
municants. Whether one examines number of messages or number of
lines, or to, from, or both, one finds:

(a) more than 52% of the time, informants choose the wrong most
frequent communicants (TOP1);

(b) more than 40% of the top 3-ranked communicants should not belong
in the top 3 (TOP3),

(¢) more than 33% of the top 5-ranked communicants should not belong
in the top 5 (TOPS5),

(d) if one ranks the people recalled in order of the recalled commu-
nication, more than 45% have ranks differing by more than 2 from their
position in the actual communication list (WIN2);

(e) in (d) above, more than 58% of those recalled have relative positions
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in the ranked list more than 109 removed (either way) from their relative
positions in the actual communications list { WIN20).

As a rough guide, we have the consistent result (see also Al Il that
at least half of what an informant says aboul his or her communication
with others is incorrect. In other words. even if communication re-
searchers were prepared to accept 50% inaccuracy, our data show con-
sistently, over seven data sets, that they cannot rely on the list of people
informants recalled, or on the number of messages recalled, or the num-
ber of lines recalled, or even on the people an informant claimed to
speak to most.

It is cumbersome to refer contirually to 48 separate measures of in-
accuracy, especially when, as we have seen, they are very similar. To
reduce the level of complexity, a factor analysis was performed on those
inaccuracy measures which lay between 0 and 1. The results were used
to combine the measures into general indices. (We shall return to such
measures as T'1 later.) Five factors were created, each with a recognizable
set of measures comprising the main factor loading. Since cach set is,
furthermore, a plausible subset of “*similar’ measures, we created five
new overall inaccuracy measures as follows:

ACCT = average of (T1FPT, TOP3ITM, TOPSM, WIN2TM, TOP3TL,
TOPSTL, WIN2TL),

ACCF = average of (T1PF, TOPIFM, TOPSFM, WIN2FM, TOP3FL,
TOPSFL, WINZFL),

ACC2 = average of (I2PT, T2PF, T1PB, TI2ART, TI2ZARF,
T12ARB),

ACCTOP! = average of (TOPITM, TOPITL, TOPIFM, TOPIFL,

TOPIBM, TOP1EBL),

ACC20 = average of (WIN20TA, WIN20TL, WIN20IFM, WIN2OFL,
WIN208M, WIN20HL),

where “average” above is defined as follows: if two or more of the
measures in a definition have nonundefined values, the “‘average’ is a
simple average of the nonundefined values; if only one or zero of the
measures in a definition is defined, the “‘average’ is undefined (i.e.,
missing).

The pattern of these five measures should be evident. ACCT is a
compilation of *"to”" measures in errors of commission, roughly speaking;
ACCF 15 the identical compilation of “'from™ measures, ACC2 involves
a composite of 72P and T12AR, and roughly measures errors of omission.
ACCTOP] is a simple average of all TOPl measures, and ACC20 a
simple average of all WIN20 measures,

The values of the five new inaccuracy measures reflect the values of
the 48 original vanables as well. ACCT has a mean of 46 (5D 31);
ACCF 44 (SD .29); ACC2 .65 (5D 27); ACCTOP1L 55 (5D .29); and
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ACC20 .59 (5D .24), These means are based on a minimum of 460 valid
cases.

5, THE EFFECTS OF LAG AND WIDTH ON ACCURACY OF RECALL

The levels of inaccuracy found in the previpus section are, as hy-
pothesized, not uniformly distributed, at least over the 27 windows con-
sidered here. Figures 1-5 show contours of the five overall inaccuracy
measures, as functions of lag and width. (All values for a given lag and
width have been averaged, and those averages contoured. There is a
wide variation between informants, discussed later.) There is a strong,
but not systematic, variation with lag and width for all five measures.
Multiple correlations of the measures on lag and width account for at
best 8% of the variance in the data (for ACC2); inclusion of quadratic
terms is of little help, yielding only 14% at best (also for ACC2).

The maximum vafues in ail cases are for Z- or 4-week lags (usually
2} and widths of | day. As hypothesized, asking people about “‘one day
a long time ago' does, indeed, produce highly inaccurate answers (at
least 74% incorrect on any of the five measures). Curiously, a lag of 2
months and width of 1 day is systematically more accurate than 2-week
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Fic. 1. Contours of the means of the ACCT (inaccyracy “'to"') measure as a function
of lag and width. Both lag and width are expressed in days, on a log-log scale for clarity
{i.e., “'in the last n days" corresponds to the upright axis). Contours are every 0.05,
labelled every 0.1. The solid circles indicate the location of the 27 windows; the sparsity
of data in the upper-fefi guadrant means that the smoother contours there should be
interpreted with caution. The minimum valee is 0.30 (lag=width=1); maximum 0.74
{lag= 14, width= 1},
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Fig. 2. Contours of the means of the ACCF (inaccoracy “from’”) measure, displayed
as in Fig. 1. Minimum value 0.24 (lag=1, width=2); maximum 0.81 (lag =30, width=1).
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Fig, 3. Contours of the means of the ACC? (inaccuracy "“to and from™) measure,
displayed as in Fig. 1. Minimum value 0.4% (lag=width=1); maximum 0.85 {lag=14,
width=1).
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Fic. 4. Contours of the means of the ACCTOP] (inaccuracy “‘top-ranked person'’)

measure, displayed as in Fig, 1. Minimum value (.32 (lag=1, width=2); maximum (.83
C {lag=14, width=1).
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or 1-month lags with the same width, although the differences are not
statistically significant.* This suggests that for such windows, informants
tend to report those whom they believe they “usually talk to."" In fact,
this explanation was offered by several users of EIES in comments which
they made to us on the system about the experiment. Although our
informants’ technique for handling these awkward windows (1 day, 60
days ago) vields more accurate data, their data for such windows remain
at least 709 inaccurate.

Increasing the width of the window, as might be expected, increases
the accuracy, although the trends in any measure are by no means
uniform. We had anticipated that & lag and width of | day (i.e., vestcrday)
would uniformly produce the mest accurate data. On only two of the
measures (ACCT and ACC2) was this the case. ACC20 was the most
extreme, with greatest accuracy involving a week-long window, ending
the day prior to the interview,

Let us consider each inaccuracy measure in turn. ACCT (Fig. 1) mea-
sures people's inability to recall who they sent messages to. This inability
tends to increase with increasing lag or decreasing width. ACCF mea-
sures inability to recall who people received messages from. The effects
of width are mainly confined to 1-3 days. For larger widths the inac-
curacy depends only weakly on width. ACC2 measures the ability to
invent communicants one did not really communicate with. Here, ac-
curacy is best for lags of 1-2 days. For longer lags, inaccuracy increases
with lag and decreases with width, ACCTOP| measures people’s inability
to recall their most “used” communicant (in terms of either frequency
or amount of communication). For widths above 3 days, the measure
15 insensitive to both lag and width. ACC20 measures the inaccuracy of
what an informant recalls, with little penalty for omitting communicants.
Increasing lag or decreasing width both increase the error here, although
for small lags (i.e., less than 2 days) the effects of width are weak.

All the cases examined so far allow the possibility of intervening com-
munication on EIES between the end of a window and the time of an
interview. It seems likely that this could be a major source of inaccuracy
for informants. That is, the intervening communication might be confused
by an informant with communication during a particular window,

The last-on windows were included in order to test for this hypothesis.
In other words, we believed that informants might be more accurate in
reporting their communications with others the last time they used EIES
than they would be in reporting their communications during any of the
27 windows. Indeed, this i1s the case. The five inaccuracy measures,

* We realize that we do not have independent cases, normal distributions, etc. We use
the word “‘significant’’ to mean sizable, or notable, or whatever. The probabilities are
those produced by the statistical packages and are included for information rather than
stalements aboutl some population.
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- computed for last-on interviews only (with a minimum of 97 cases), have
the following mean values: ACCT .38, §D .35; ACCF .31, §D .32; ACC2
A8, §D 34; ACCTOP1 37, 8D 30, ACC20 .43, 5D .32, In each case,
these values are more accurate than the corresponding value for the 27
windows,

, It is not clear how to decide whether these values are significantly
better, due to the many contributory factors involved (not the least of
which is the persistent strong differences in accuracy between inform-
ants). A naive 1 test between pairs of means shows significant** differ-
ences in cvery case. (Henceforth, single asterisks denote significance at
the 5% level or better; double asterisks denote significance at the 19
level, or better.) Now, R0% of all last-on interviews involve lags of at
most 2 days, whereas the average windowed lag is 20 days. Thus, the
last-on inaccuracies would be expected to be less than regular window
maccuracies, due o this fact alone. Restricting attention to windows and
last-ons possessing identical lags and widths, the results continue to be
significantly** more accurate for last-ons.

Is last-on accuracy affected by lag? Multiple regression of the inac-
curacy measures for last-ons with lag (and order of presentation, to
illuminate a possible learning effect), accounts for, at most, 15% of the
~ variance (in this case for ACCF). So, informants are not systematically
- more accurate for shorter lags, even for last-on communication. In fair-
ness, the 15% of variance accounted for in ACCF is significant**, but
the scatter imphed by this low figure 15 sufficiently great to invalidate
the use of very short lags in order to obtain accurate results,

Although last-on inaccuracy is less than window inaccuracy, it is
clearly still too large to make substitution of behavioral data by recall
data a meaningful exercise. In order to improve accuracy still further,
we examined the 93 last-on windows whach had a lag of 0 days. In other
words, informants for each of these 93 interviews had used EIES earlier
the same day as their interview, In fact, they had logged off EIES no
- more than 20 min ago. One would assume that informants would be
highly accurate, given that they were being asked to recall their com-
* munications such a short time ago. The results were quite mixed. Some
people, as usual, are very accurate, while others are not. For example,
of the 35 cases in which ACCTOP1 could be computed, 20 were correct,
- However, the mean inaccuracies remain unacceptably high: ACCT has
amean of .30, §D 33 ACCF .21, §D .26; ACC2 .32, 5D .35; ACCTOPI
.34, §D .29; ACC20 .38, SD .29. Surprisingly, only ACCF is significantly*
" less inaccurate for same-day last-ons than for last-ons with a lag of 1 or
,_more days.

" Given the very short lags for same-day last-ons (i.e., no more than

¥ 20 min) we can examine how Inaccuracy varies in very short time in-

tervals., The scatter still remains too high to account for variations in
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inaccuracy. Multiple regression of the five measures in lag and width _?
(now measured in minutes) still only accounts for, at best, 18% of the "

variance (in this case, for ACC2). In no case 15 a significant amount of
variance accounted for. As an indication of the scatler involved, not
that of five interviews conducted just 1 min since the informant bad lag

been on EIES, on two of these occasions ACCT had values larger thas §-
.87, and on three occasions values less than 2. The predominant factor |
determining accuracy is simply wide variation amongst informants. Some §
people are fairly accurate, while others are grossly inaccurate. We will |

examine these differences further in Section 6.

Recapitulating, a researcher asking for communications data could §;
expect the most accurate results from data on very recent time windows. §
However, there is no way to know a priori what width the window}
should be for greatest accuracy. It is highly plausible that more recent§

events should be recalled more accurately than less recent events. Bul,

while hardly surprising, these results are not trivial. Consider that dats |

on a lag of 2 days. and a width of 1 day are distinctly less accurate thas
data on a lag and width of 1 day. Hence, the exact positioning of the

window in time has an extreme effect on the accuracy of the data ac|
quired: even tiny alterations in the lag or width of the window produce |

large alterations in the accuracy.
Nor is the accuracy involved very high. The most accurate value for

any non-last-on window, of each of the five measures, still yields 36% .

inaccuracy, on average. Arguably, this could be counted as 649 accurat
data; however, (a) there is no way to know which data are accurate and
(b) recall that all cases when either of NR or NA—the number of peopk

a

recalled and actually communicated with—is zero have been excluded |
from consideration; these are also highly inaccurate, (Including values |

of zero for NR or NA, would yield infinite values of inaccuracy. Re
moving those values, however, only serves Lo raise artificially the levd
of accuracy. Section 8§ discusses this case in detail.)

Still, some researchers might choose (o interpret this finding as a
encouraging sign that asking people who they talk to (and/or how much

they talk to others) can yield data which are sufficiently accurate for}
further manipulation. We would consider such an interpretation unpro
ductive for the following reasons. First, consider that the minimum value !

of ACCTOPI1, over any window, is .32, This simply means that, for Ehtlf
most accurate window (in this case lag 1, width 2), on 329 of the

occasions informants could not name correctly the person with whomf'
they communicated with most frequently. Second, to repeat, there is m
way for a researcher gathering data to choose the “'most accurate win§
dow" for any given study. Even if this were possible, the researcher}
would have to settle for less inaccuracy of one kind at the cost of getting}
higher inaccuracy of other kinds. Finally, the most accurate data are§

g

— e
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from windows with a lag of a few minutes. But researchers collecting
data in the field would themselves have been present during these **most
accurate” windows, Thus, at best, they would have been able to observe
communication directly (in which case, why ask for data from inform-
ants?); and, at worst, their presence will have modified the communi-
cations being measured.

6. WHAT ELSE ACCOUNTS FOR INACCURACY?

We have scen that the dependence of accuracy on the lag and width
of ime windows is not strong. Clearly, other variables are contributing
to informant inaccuracy. Some of these variables are presumably func-
tions of the personal history and qualities of each informant. Some in-
formants have better memories than others, for example; some use EIES
more frequently than others; and s0 on. Some variables may be a function
of the particular window under consideration. Perhaps the window in-
volved a lot of (or very little) message traffic; perhaps the informant was
in a hurry when being interviewed; or perhass the informant’s first few
Interviews were less accurate than later ones.

During the background interview, we asked each informant, how well,
on a scale of 1-7, he or she could remember each of the following: zip
codes, phone numbers, names, faces, dates, lyrics, and birthdays. Per-
haps an informant’s self-evaluation of memory is related to his or her
accuracy in recalling communication? At the end of each window inter-
view, informants also provided estimates of their confidence, on a scale
of 1-7, about their recall of the following: list of communicants, number
of messages sent, number of messages received, number of lines sent,
and number of lines received. Both the memory and the confidence
measures averaged around 4, as might be expected. Since these variables
are koo highly intercorrelated to use separately in regressions, we factored
each set. This produced three memory variables: the average of names
and faces; birthdays; and phone numbers. A similar factoring on con-
fidence measures reduced them to two: confidence in the list of com-
municants; and the average of the other four,

Surprisingly, the memory variables were almost uncorrelated with the
five inaccuracy measures; however, the two confidence measures were
reasonably correlated (r = — .2 to —.3) with inaccuracy. Of course, the
lack of correlation of memory and inaccuracy could be produced by
other, more subtle cross-correlations. Accordingly, a large number of
variables was entered in a multiple correlational search to find the pre-
dictors of accuracy. In the search, at various levels of inclusion, were:
sex and age of informant; number of people recalled (**to,” *from," and
“both™); time to take the window; total time ever spent on EIES by the
informant; lag, width; number of people communicated with (again for
the three categories); the three memory variables; the two confidence
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variables; the number of times “feedback’™ had been used by an inform-
ant to check previous accuracy; and the order of presentation of the f
window.

Little variance was accounted for, even by such a list of variables,
Eighteen percent of the variance of ACCT was accounted for, mainly
by number of communicants ““to" (recalled and actual), and both con-
fidence measures, Accuracy falls, ir other words, as the number of
persons with whom informants recall inifiating communication increases,
Unexpectedly. accuracy also falls as the actual number of such com-
municants decreases. The lower the confidence of the informant in his
or her recall, the lower the accuracy.

Only 16% of the variance was accounted for by ACCE, mainly by
number **from” (recalled and actualy, lag, and confidence in messages
and lines, As the number of persons whom informants recalled receiving
communications from increases, accuracy decreases. As the aclual num-
ber of such communicants decreases, however, accuracy again de-
creases. The longer the lag, the lower the accuracy; and the lower the
confidence in messages and lines, the lower the accuracy.

ACC2 was best accounted for (37%) by number of recalled commu-
nicants, and confidence in that list. As the number of recalled commu-
nicants decreases, accuracy fafis; anc as confidence in the fist decreases,
once again accuracy falls.

ACCTOPI had 16% of variance accounted for. As total EIES connect
time increases, accuracy falls, And as confidence in the list of com-
municants falls, so does accuracy.

Finally, ACC20 had 22% of the variance accounted for. Accuracy falls
as the actual number of communicants decreases; and it Talls as confi-
dence in recall of messages and lines decrcases. Overall, the conlidence
variables predict the direction of accuracy rather well: the lower the
confidence, the more inaccurate people are. Also, there is an intuitively
pleasing, inverse relationship between the number of communicanty re-
called and accuracy of recall: the more people recalled, the lower the
accuracy. In general, the fewer the number of actual communicants an
informant had, the more inaccurate he or she was in recalling them. This
may be because some informants had very sparse interactions, spread
out over the rather long time of the expenment.

An extra altempt was made by inventing such variables as effort (time
taken during window per communicant recalled), and activity during
window (number recalled per day of width). Again, logical and empirical
transformations of the data were made to improve the fit.

The conclusions of this section still hold. In short, everything we have
measured seems to be related to imaccuracy in a reasonable way. The
problem is that nothing seems to matter very much.
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7. THE SPECIAL CASE OF NO COMMUNICATION

A special case of these calculations occurs when NR or NA is zero
(i.e., when an informant claims he spoke to no one or when she actually
spoke to no one). This case automatically removes many inaccuracy
measures from previous consideration as they could not be defined. On
29% of occasions, in fact, an informant had no actual communication
during the window under consideration. And on 28% of occasions an
informant recalled communicating with no one. If these two sets of
occasions completely overlapped, the informants would always be ac-
curate when they claimed not to speak to anyone,

The overlap is, of course, imperfect. On 41% of those occasions when
an informant recalled having no communication, he or she did in fact
have communication; and on those occasions she or he communicated
with 4.8 different people. Similarly, on 19% of occasions when informants
actually had no communication during a particular window, they claimed,
on average, to have communicated with 2.1 different people. Consist-
ently, in ail our work, we have found that errors of omission are more
severe than those of commission.

Most of these figures are well predicted™* by the width (but not the
lag) of the window under consideration. Both the percentage of times
a mistake occurs, and the number of omitted or committed communi-
cants, increase strongly with width, with correlations of the order of
7 to .8. Only the mean number of commissions (given a commission
occurred) is weakly described by width (r = .27**), Hence, the longer
the time over which informants recall their interaction, the more errors
of omission or commission are made by those informants.

8. WHAT |S THE BEST WE CAN DO?

[ It is already clear, both from this and the preceding six experiments,
| that data from informants about their communications, over any time
period, are inaccurate proxies for their actual communications. Given
this, are there any positive statements which could be made? This and
the next two sections are attempts to find specific rules for treating the
data so as to yield accurate results. This section examines whether one
can predict the list of people actually communicated with, given only
informants” recall.

The situation is difficult, as Table 4 demonstrates. One might arguably
be able to find some rules to predict the 0.63 people not communicated
with but recalled; but it is unclear how to predict who the 5.1 people
ar2 who are not recalled but were communicated with. (The entry in the
lower right-hand corner depends on the size of the population involved
and is not easy to define; the number involved is obviously large, but
defining the entries here to be “‘accurate™ hardly helps the situation.)
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TABLE 4
Accuracy Contingency Table

Rehavior
communicated not communicated
wizh with
communicated 2,14 .61
with ({a) {b)
recall -
nok 5,10 19
communicated (c)
with

Note. The entry in each box is the mean number of communicants for that box: e.g.,
5.1 people were communicated with but not recalled. The lower-right entry cannol
casily be defined.

Let us first seek to predict the numbers in Table 4. (The equivalent
tables for **to"" and *“‘from"" are equally predictable, and are omitted here
as are “‘last-on’" cases, which are much more scattered.) We are given
only NR (number recalled) plus the information detailed in Section 6.
Now NA (number actually communicated with) can be predicted to
64%** of its variance, overwhelmingly by a linear function of NKR, whose

coefficient is about 1.44; the undzrestimation is typical of all our data
sets. Since

NR =ua+ b

is known, and
NA =a + ¢

is well predicted, only one more guantity needs to be predicted to define
a, b, and ¢. In fact T1 (i.e., b) and T2 (i.e., ¢) can also be predicted,
the former to 36%%* of the variamce—again a linear function of NR—
and the latter to 52%**, by NR, and total time ever spent on EIES. As
a result, a, b, and ¢ are all predicted by linear functions of NR, with
coefficients .68, .32, and .77, respectively, although the level of precision
of the predictions will be poor.
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Predictability of numbers of people in various categories, of course,
= is of little help to a researcher concerned with mapping the communi-
~ cation structure of & group. The researcher needs to know which people
fall into the four categories. Is there some rule which would enable
researchers to obtain recall data from an informant and then to select
some of those communicants and be sure they were in category (a) in
Table 4, i.e., were actually communicated with? We are not requiring
here a rule which specifies all of category (a); merely a reliable subset—
no member of catepory (b) is to be allowed. Given the high level of
inaccuracy involved, this is clearly the 2est one might hope for.

There are two ways this might be achieved. Obviously the rule must
involve selecting those people an informant reported communicating with
¢ most frequently. The chances are slim at best that someone would be
reported as spoken to only rarely and yet be consistently in category
(a). The simplest rule, then, is to define some (small) integer n and
specify that the people reported as spoken to first, second, . .. , nth
most often are actually spoken to. Recall that there may be ﬂlhl:r actual
communicants; this rule would not seek to find them.

Let us define an inaccurate *‘score’’ which is rather similar to T2P.
- For a given #, the score is the ratio (undefined when both NR and NA
L are zero):

number of those in category (b) predicted by the rulﬂ
min (n, number of reported communicants)

sCOre =

The rule is accurate when the score is zero, and totally inaccurate when
the score is unity. When s exceeds the number of reported communi-
cants, all communicants arc sclected by the rule.

Somewhat surprisingly the score almost always decreased monotoni-
cally with n. A peak in inaccuracy uscally occurred for very low n—
suggesting that the frequent restriction by sociometricians to an infor-
mant’'s *“top 3" choices may be dangercus. In fact the median value for
the most inaccurate cutoff n for this rule turns out to be n = 2, where
the score takes an average value of 79%. In other words, 79% of the
people selected by “use the top 2 recalled communicants™ are not spoken
© 1o,

Because of the improvement in accuracy by increasing n, the optimal
rule involves selecting all recalled communicants as being actual com-
municants. However, this still yields 19% inaccuracy. Thus, although
this is the most accurate version of the rule, it 1s inaccurate once in
every five occasions, There are circumstances in which this might be
acceptable; but those circumstances would have to be very carefully
b defined by a rescarcher who chose to report such data.

The sccond possible method would be to modify the cutoff used. It
might be argued that only those individuals perceived as *'communicated
t: with a great deal™ should be included by the rule. In other words, the
= #
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inclusion rule ceases to be relative (“'take the top 3," elc.) and becomes
absolute (**choose all those recalled as having more than x communi-
cation™ for some x).

We chose to make the cutoff point be a function of informant. Each
informant's total communication was scanned, and the maximum number
of messages and lines was recorded over all windows and all commu-
nicants, The selection rule then became “‘choose a recalled communicant
only if the amount of recalled communication (messages or lines) exceeds
x% of that informant’s maximum commumnication.”” What value should
x take in order to achieve totally accurate data"?

Unfortunately, x needs to be 1009 (and the data are not completely
accurate even then). Figure 6 shows histograms of the required cutoffs,
over the informants. The largest peaks are in the 91-100% band, indi-
cating that for at least 12 informants (219 of the sample) any rule of this §
type would be spurious. There is a cutoff of 10% or less for only 6
informants. In general, for these data, the scatter in Fig. 6 is too great
to produce a rule which could potentially be used elsewhere.

Nor is the situation improved by considering the numerical values of
the cutoffs rather than their percentage value. OF these cutoffs 809% lie
in the lowest 10% of the message or lines traffic. For example, the cutoff
for 41 informants involved fewer than 10 messages for total reliability;

]

Me. of Informants

Q-3 8i-80  TI-BD  &I=TD  8BI-60 di=53 31-40 21-30 |1-20 =ik
% Culoff

Fio. 6. Histograms of the minimum percentage of total message or line communication
required for accuracy. IT an informant reports communication with someone above this

percentage cutefl, then that person is in fact communicated with, Below the culoff, this |

may not be trué. The selid bars show messages; and plain bars, lines.
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for 8 informants (16% of those for whom tae calculation could be per-
formed) the cutofl was 2 messages or less for total reliability.

We are forced to conclude that there is no reliable way to select a
subset of those recalled who are actually communicated with. If we
select only those communicants with reported communication more than
90%% of the maximum ever achieved—a verv stringent criterion—no less
than 25% of the time the data are wrong.

9. GLOBAL STATISTICS

Many of the results presented so far have been based on dyadic mea-
sures; that is, two people are involved: an informant, and a communicant,
In our previous papers (Al, III, 1V) we analyzed higher-level data, in-
cluding triads and n-tads or “‘cliques.”” The recall data were progressively
more inaccurate as the level of structure became more complex. Because
the data in this paper were taken from a small subset of a closed group,
repeating the analyses al the triadic or clique levels would be fruitless.
Taere is simply too small a sample of the entire EIES group to make
most structural analyses meaningful. However, this does not invalidate
the less stringent task of searching for similarities in the global structures
of recall and behavioral data. This section investligates “*net popularity,”
and the structural equivalence of the two data sets.

() Popularity

Interest in locating the most popular persons in a group goes back to
the beginnings of sociometry. Most groups appear to have a small subset
of their members who are communicated with significantly more often
than others in the group. Although informants’ recall is poor at the dyadic
level, do they nonetheless ““know™ who thz popular members are in the
group? We tested this in two ways.

In the first method, we estimated the actual popularity of each member
of EIES, by adding up all the messages/lines ever sent, by the informants
im any of the windows to that member of EIES. For these purposes,
there are 364 members of EIES, Due to temporal overlap of some of the
windows, the results may be slightly, but unavoidably, biased. We ranked
the top 20 of the 364 in order of communication, by both messages and
lines. A similar procedure was carried out for recall data, and the two
sets of ranks were compared. Here the results are rather encouraging.
Admittedly, the person in EIES who is communicated with most (mes-
sages of lines) is the fourth most popular person in the recall data.
Monetheless, the four most popular people in the behavioral data are the
same as the four most popular people in the recall data, but in the wrong
crder. (The consistent underestimation continues; both lines and mes-
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sages are underestimated by about 50%.) Even the top 10 scem reason-
able: only one or two of the behavioral top 10 are omitted in the recall
data (depending on whether messages or lines wre considered),

The same results held when we restricted our attention to a subset of
the data. Instead of recording all messages from an informant 1o the
entire population of EIES, we recorded only the communication (actual
and reported) for each of our informants to the n persons on EIES with
whom each informant communicated with first, second, . . ., nth most
often during a given window. Here n takes the values 1, 3, or 5, Very
similar results are found. In other words, informants may not know who
they speak to the most; but they appear to know, in general, who is most
spoken to.

In the second method, we examined the popularity of our informants
rather than that of EIES in general. This time we counted incoming
messages from all persons on BELES (o our informants (again, both mes-
sages/lings and behavior/recall data). We ranked the informants in order
of popularity, and we obtained results similar to those obtained in the
first method. The first three informants (ranked by messages) are the
same for both behavior and recall, though in the wrong order. The most
popular person (ranked by lines) was the same for both behavior and
recall. Although the second most popular person in behavior was ranked
sixth in recall (again for lines) the top 6 were the same in both cases.

Similar results are found by restricting attention to the top 1, 3, or §
communicants, although the resulting most popular person is never the
same for recall and behavior,

(b) Structural Equivalence

Although informants inaccurately recalled their communication at
many levels, we showed above that they have an accurate ““feel” for
the popular members of the group. Do they in fact recall accurately the
relative positions of themselves and others in the group? In other words,
how equivalent are the structures present in behavioral and recall data?
(Again, the small subset of the group comprising the informants precludes
other analyses such as centrality and the like.)

The strong inaccuracy at the dvadic level suggested that any com-
parison between behavior and recall at all but the simplest level would
probably fail. Hence we simplified both behavioral and recall data to a
(57 » 384) matrix m,, where

e = 1 if 7 ever communicated with k
= ) otherwise.

' We are indebted to Ronald Burt for d scussions leading to this imvestigation,
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We then defined three (57 = 57) matrices on the subset of our in-
formants. The first is a simple symmetric distance measure o, where
d, = Z:J‘M-:,it — ), [ #j,

[
= 0, i =],

where the sum is taken over all &k in the entire group, and the zero
diagonal value is for later convenience. Thus d; is small when { and j
are “‘similar’” and large when § and j are “‘dissimilar,”

The second and third matrices are "'substitutability’” measures s; and
fy. Both measure how well ¢ and j can substitute for each other in terms
of their patterns of communication. The s; matrix is symmetric, by
dividing the intersection of 's and j's communication by the union:

My

= if denominator # 0
(e + e — mgmy)

P

= | if denominator = 0,

where the | indicates perfect substitutability if ¢ has no communication.
The f; matrix is asymmetric, by normalizing by i"s total communication:
gy,

=~ il denominator # 0

= | if denominator = 0.

These last two matrices increase with i's similarity to j; the first, d,
decreases with i's similarity to j. All have zero diagonal values,

We may now compare behavioral and recall versions of each matrix,
by the " measure introduced by Katz and Powell (1953) and extended
by Hubert and Baker (1978). I is no more than the correlation coefficient
between the behavioral and recall entries of d, 55, or t;. Its significance
can then be tested by Mantel's strategy (see Hubert and Baker). This
examines whether relabeling the 57 informants in the recall matrix would
produce a significantly better or worse fit to the unrelabeled behavioral
matrix. Hubert and Baker provide an approximate Z score for T
[(mean — expected mean) + standard deviation] together with a pessi-
mistic estimate of significance level, 0. The Z score of course yields an
optimistic level; above 1.96 the resulls are significant. Monte Carlo sim-
ulation would be necessary if the results showed conflicting significance
estimates.

The results for the three matrices are:

dio ' = .64; Z = 5.1; @ = 3.7%,
s ' = .30; Z = 9.1; @ = 1.2%,
e = 39 Z = 4.1, @ = 5.6%.
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In all cases the degree of structural agreement between behavior and
recall is at least significant®, with very high Z scores. So the behavioral
and recall matrices possess similar signals. However, the detailed agree-
ment 1s rather poor: the variance accounted for in the behavioral data
by the recall data is 41, 9, and 15%, respectively. In other words, one
data set could not be used as a proxy for the other,

In summary, then, at a global level there is reasonable agreement
between recall and behavior. Recall data vields a list of **popular’ people
which is very similar to the list produced by behavioral data. Similarity
and dissimilarity measures between informants show considerable cor-
relation betwgen behavior and recall data, but recall accounts for in-
sufficient variance in behavioral data for it to be used as any kind of
predictor.

10. CAN WE CALIBRATE THE RECALL DATA?

Implicit in most empirical studies is the concept of cost effectiveness,
How much will it cost to collect good data, and will it be worth it? The
two specific extreme choices in our case are (a) use inexpensive measures
of message traffic, such as recalled messages to (RMT) and recalled
messages from (RMF) some person, and collect large amounts of data;
or (b} use costly, direct observational measures of message traffic, in
our case the actual number of messages to (AMT) and from (AMF) some
person. This is only feasible on a small data set. Typical research projects
in petwork analysis use economical but inaccurate measures. In this
section we suggest and demonstrate a technology that may help improve
the accuracy of the cheap measure for a few extra dollars.

In the data sets we work with, we purposely record the expensive
measures and the inexpensive measures for all the cases. (In fact, we
chose our research population because the observational measures,
usually so expensive, are cheap.) One simple and general measure of
the accuracy of the cheap measure is the mean square error, in this case

=N AAMT, — RMT)
- .

MSERMT) =

To “improve™ RMT, we adapt what in sampling theory is called regres-
sion estimation. Suppose that in a large data sel some concepl is mea-
sured inaccurately (the usval case). Regression estimation proceeds as
follows:

1. Choose a small, simple random sample of cases from the data set.

2. Measure (again) each case in the sample using the expensive, ac-
curate measure (AMT or AMRK in our case).

3. Using any and all cheap measures and statistical tricks, develop a
prediction equation for the accuratz measures. (In our case, AMT is a
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function of RMT, RMT?, number of people recalled, effort, lag, width,
perceived activily, experience using EIES, and several interactions of
similar variables.) Since this is a simple random sample of the data set,
the prediction equations should generalize to the data set.

4. The independent variables in the prediction equation are all cheap
(by our design) and have been measured for all cases in the data set.
Call the value of the predicted value for each case in the data set “‘cor-

" rected RMT,"" or CRMT. In other words, RMT is corrected for bias,

i

and various individual characteristics by using the relationship between
AMT and RMT, effort, elc., in the sample.

Statistical theory states that the corrected RMT in the entire data set
will be a betier proxy for AMT than uncorrected RMT. In our data set
we can assess this claim directly, since we know AMT. The accuracy
of CRMT, is therefore

N (AMT, — CRMT)*
MSE(CRMT) = ol i~ C ’]'.

N
: The relative accuracy of CRMT and RMT in measuring AMT is, for our

data,

MSE(CRMT)
. MSE(RMT) Bz,
The same result for CRMF and RMF is

MSE(CRMF)

MSERMF) HOF

The corrected RMT and RMF are rcughly 20% better than the raw
measures. While this might encourage some, it is not really as good as
it might be. Being 20% better than awful (50% error) is not good; 50%
x 80% = 409% is still bad.

There are two alternatives. The researcher must choose to (a) measure
N, cases at ¢, dollars per case or (b) measure N, cases at ¢, dollars per
case, and n, cases at ¢, dollars per case, where c,/c, is large and n/N,
is small. N, and N, are about equal. For example, instead of 1000 cases
at $1 per case, one would collect 750 cases at $1 per case and 50 cases
at $5 per case. The total cost is the samz. But if the 50-case sample can
be used to improve the accuracy of the data set by a factor of more
than (1000)"A750)"% = 1.15, then the final results from plan (b) should
be much more accurate in the long run. Calibration of the recall data
in this paper yielded abysmal results, but this may be because we failed
to put the right guantities into the regressions. We will have more to
say about the implications of this in the conclusions.
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11. CONCLUSIONS

In an effort 1o determine how much fag and width of a time window
affect communication recall, we designed a totally automated experiment,
The experiment took advantage of a new communications medium {com-
puter conferencing) which enabled us to monitor automatically all in-
teractions involving a subset of the computer network. In previous ex-
periments we had found little which accounted for the gross inaccuracy
in human recall of communication We believed that the concepts of lag
and width might prove helpful,

Although lag and width account for some of the variation in accuracy
(small lags and widths tended to be more accurate than large ones), the
amount of variance accounted for is small (typically about 1092). Con-
sideration of a wide variety of other variables still failed to account for
most of the varration in accuracy tinever more than 37%, and usually tess
than 20%9%).

Nor are people more accurate when they recalled communicating with
nobody. On 419 of such occasions, communication had taken place,
with 4.8 different people, on average,

Only one positive statement can be made aboul accuracy from our
results. Although individual people did not know with whom they com.
municated, people en masse seemed to know certain broad facts about
the communication pattern. Specifically, il we examine the aggregate of
what everybody said about their communications with everybody, the
resulting "‘'most frequently communicated with members of the group”
turns out to be correct. That is, the list of the top 6 most *“'popular”
people is the same for both recall and behavioral data.

All other findings were negative. It 15 impossible, for example, to
produce an accurate list of those with whom an informant has com-
munication, given his or her recalled list together with estimates of
amount or frequency. It is impossible to predict who the (on average)
five people are that an informant forgot to mention that she or he had
had communication with. It is impossible o predict the people an in-
formant claimed to communicate with but did not. And, finally, although
the structures of recall and behavioral data are correlated, the scatter
remains far too high to use one as a proxy for the other.

12, DISCUSSION

We began this series of papers in 1975 because we distrusted concly
sions drawn by network researchers (including ourselves) about the strue-
ture of communications in human groups. We had no reason to distrust
the motives of our (or anyone else’s) informants. As far as we know,
if & researcher inguires about an informant’s communications, the data
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obtained are an accurate (i.e., honest) description of how the informant
believes he or she communicates. We continue to assume that the
amount, frequency, and persons involved all accurately represent the
informant’s view of his or her network. However, one consistent and
unavoidable conclusion has emerged from our studies of informant ac-
curacy in network data: what people say, despite their presumed good
intentions, bears no useful resemblance to their behavior. Many col-
leagues have found our conclusion objectionable. We must stress that
we have never sought to test the accuracy of informants (in spite of the
title of this paper); we have tested only the accuracy of social scientists’
altempts 1o capture the structure of a communications network from
recalled data. We have found consistently that the assumption amongst
communications researchers that recall is a proxy for behavior is
unwarranted.

This immediately makes suspect all untested forms of the instruments
“what do you 7" and **'who do you __7"" It may very well be
that peasant farmers can report accurately how many bushels of wheat
they harvested last year, or it may not be. It appears that people’s reports
of whom they voted for are accurate, if the data are gathered immediately.
(But what proportion of the population today would claim to have voted
for Richard Nixon in 19727). On the other hand, asking people about
their consumption of goods and services produces appalling results. As
far as communication is concerned, the only thing people have ever
recalled accurately in our experiments is who the three or four most
“popular’’ people are in their group. (By “‘popular” we mean who in
the group is communicated with the moest.) Even then, informants gel
the most popular individual wrong most of the time.

We feel that it is vital in any field to have accurate (not just reliable)
data. It is virtually impossible to develop a theory for any process unless
one can obtain accurate data about that process. This must be just as
true for human communications (and interactions in general) as for black
holes, DNA molecules, or the movement of tectonic plates. Still, it is
obvious that in research on human beings in natural settings, acquiring
full, accurate data on their behavior is usaally impossible. We have been
able to achieve this only because we selected groups whose behavior

. could be monitored, and not because of any interest we might have had

in the groups themselves. Our interest has been exclusively methodological.
There are at least two ways to treat the dilemma of needing accurate

* data and not having any. Both ways are important and should be im-

plemented. The first requires the collection of behavioral data in natural
settings on child-rearing practices, alcohol consumption, leisure activi-
ties, health care activities—in short, on everything in which social sci-
entists are interested, and for which they normally rely on recall data.
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It is not necessary (we hope) to collect full, matched sets of recall and
behavioral data such as we have done in our program of methodological
studies. It should be sufficient to obtain, for each behavior being studied,
a sample from the population, in order to cabbrate the data obtained
from informants’ recall. It logically follows that we should not pretend
to study quantitatively things that cannot be measured by direct obser
valion, or at least by using accurate and calibrated (if indirect) instruments.

The second way is to seek other quantities, hitherto unmeasured,
which may account for inaccurate recall. Quantities which come to mind
are motivation, content, importance, meaning, ecological conditions,
population density, norms, details of the interview procedure, the in
formant’s position in the communication structure, and so on. These
quantities need to be defined, then collected—accurately!—and fnally
checked 1o see il they are related to, or predict, the behavior which we
are trying to study. We cannot simply “*blame’ inaccurate data on these
quantities until and unless we have examined whether this 1s the case.
a0 far, everything we have tested lails to account for inaccuracy. The
unpleasant possibility is that nathing accounts for vanations in accuracy,
except individual (perhaps even random) differences.

There is an alternative hypothesis, given our data, to explain our
findings: that people store information incorrectly in their memories,
much of the time, and thus nothing can produce greater accuracy. Con-
sider that it is wsually implicidy assumed that informants can and do
store in their memories the relevant information which rescarchers are
seeking (about communications, food consumption, illness, cmployment,
ete.). It is further assumed that this information can be accessed by the
correct set of stimuli; hence the development of a large literature on
improving respondent memory. The most popular and tested aids are the
keeping of diaries, prompting by cues (aided recall), and the use of
existing behavioral records such as hospital bills, bank books, etc. All
experimental studies demonstrate that these memory awls do, indeed,
produce greater quantities of data. However, virtually all of these studies
avoid the question of whether the data so produced are sufliciently ac-
curate for a researcher to use in the construction of a theory or to predict
behavior, ete. Recall, for example, the study by Horn quoted earlier,
which found that more than half the respondents could nol quote their
bank balance correctly after examining their bank books,

Our own findings are equivocal regarding the use of behavioral diaries.
In AIl, for example, we reported that a subset of the radio hams kept
logs of their radio contacts. They were not, however, significantly mote
accurate in reporting their communications than those who did not keep
logs. On the other hand, one informant in this study claimed to have
kept a diary of communications which he consulted during the expen
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ment. He did not tell us that he kept a diary until well after the experiment
ended. His scores on the five composite accuracy measures were as
follows: ACCT = M3 ACCF = 277 ACC2 = 20d; ACCTOFP] =
257; and ACC20 = .297. These scores are significantly®*® better than
those of the others in our experiment. However, note that this informant
was still more than 209 in error, on four of the five measures. In par-
ticular, he still got the TOP1 wrong about 25% of the time (this figure
would be slightly more in the informant’s favor were we not using
“started”” fractions: sec footnote 3). Furthermore, the informant was not
significantly more accurate than others on the number of people he
recalled whom he had not communicated with.

On balance, we agree with the general assumption that the keeping
of diaries and the use of existing records improves accuracy. However,
we do not believe that researchers should take too much cheer in this:
Hom's findings were that 53% of the people he interviewed could not
remember their bank balance after consulting their bank books; radio
hams who kept logs of their communication, but who did not consult
those logs when asked to recall their communications were not signifi-
cantly more accurate than hams who did not keep logs; and the devilish
informant who told us that he (a) kept a diary and (b) consulted it when
he was queried by the computer got his top-ranked communicant wrong
more than 25% of the time.

Are there regularities here? It is too soon to tell, but it is clear that
a great deal of testing is urgently required for a variety of instruments
designed to tap informant recall of naturally occurring facts, behaviors,
and events. [t may very well be that there are general (rather than
instrument specific) error bounds on our instruments, but this remains
1o be tested, across cultures and for many instruments.

In the meantime, we are led to an alternative interpretation of the
potential meaning for social science of our findings. If much information
is stored incorrectly in people’s memories, then two conclusions may
be drawn: (i) our findings make sense, and the distorted view of their
communications (and perhaps other behavior) by informants becomes
plausible; and (i) methodological etforts o extract more information
from informants may not achieve any usefully accurate data. If this
should be the case, then this misstorage of information becomes the
relevant phenomenon for study.
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