


the dominant pattern being that individuals tend to preferentially associate

with others of similar age and gender, a finding that is consistent with the

large sociological literature on homophily—the tendency for people to form

ties to those who are similar (McPherson et al., 2001). This trend is especially

apparent for adult males who demonstrate a high proportion of their ties to

other males.

With additional information on the race/ethinicity of the different names,

the latent non-random mixing model could be used to estimate the extent of

network-based segregation, an approach that could have many advantages over

traditional measures of residential segregation (Echenique and Fryer, 2007).

Male AltersFemale Alters
Fraction of Network

0.4 0.2 0 0.2 0.4

61+

41−60

21−40

0−20

Alter Groups

Female Egos

Male AltersFemale Alters
Fraction of Network

0.4 0.2 0 0.2 0.4

Youth

Adult

Senior

Male Egos

Figure 8: Barplot of the mixing matrix. Each of the six stacks of bars rep-
resents the network of one ego group. Each stack describes the proportion of
the given ego group’s ties that are formed with all of the alter groups; thus,
the total proportion within each stack is 1. For each individual bar, a shift to
the left indicates an increased propensity to know female alters. Thick lines
represent +/- one standard error (estimated from the posterior) while thin
lines are +/- two standard errors.
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4.3 Overdispersion

Another way to assess the latent non-random mixing model is to examine

the overdispersion parameter ω′k which represents the variation in propensity

to know individuals in a particular group. In the latent non-random mixing

model, a portion of this variability is modeled by the ego-group dependent

mean µike. The remaining unexplained variability forms the overdispersion

parameter, ω′k. In Section 3.1 we predicted that ω′k would be smaller than the

overdispersion ωk reported by Zheng et al. (2006) since Zheng et al. (2006)

does not model non-random mixing.

This prediction turned out to be correct. With the exception of Anthony,

all of the estimated overdispersion estimates from the latent non-random mix-

ing model are lower than those presented in Zheng et al. (2006). To judge

the magnitude of the difference we create a standardized difference measure,

ω′k−ωk

ωk−1
. Here, the numerator, ω′k − ωk represents the reduction in overdisper-

sion resulting from modeling non-random mixing explicitly in the latent non-

random mixing model. In the denominator, an ωk value of one corresponds

to no overdispersion. The ratio for group k, therefore, is the proportion of

overdispersion encountered in Zheng et al. (2006) that is explicitly modeled

in the latent non-random mixing model. The standardized difference was on

average 0.213 units lower for the latent non-random mixing model estimates

than for the Zheng et al. estimates, indicating that roughly 21 percent of the

overdispersion found in Zheng et al. (2006) can be explained by non-random

mixing base due to age and gender. If appropriate ethnicity or other demo-

graphic information about the names were available, we expect this reduction

to be even larger.
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5 Designing future surveys

In the previous sections we analyzed existing data in a way that resolves three

known problems with estimating personal network size from “How many X’s

do you know?” data. In this section, we offer survey design suggestions

that allow researchers to capitalize on the simplicity of the scale-up estimates

while enjoying the same bias-reduction as in the latent non-random mixing

model. The findings in this section, therefore, offer an efficient and easy-to-

apply degree estimation method that is accessible to a wide range of applied

researchers who may not have the training or experience necessary to fit the

latent non-random mixing model.

In Section 5.1, we derive the requirement for selecting first names for the

scale-up method so that the estimator is equivalent to the degree estimator

from fitting a latent non-random mixing model using MCMC computation.15

The intuition behind this result is that the names asked about should be chosen

so that the combined set of people asked about is a “scaled-down” version

of the overall population. For example, if 20% of the general population is

females under 30 then 20% of the people with the names used must also be

females under 30. Section 5.2 presents practical advice for choosing such a set

of names and presents a simulation study of the performance of the suggested

guidelines. Finally, Section 5.3 offers guidelines on the standard errors of the

estimates.

5.1 Selecting names for the scale-up estimator

Unlike the scale-up estimator (2), the latent non-random mixing model ac-

counts for barrier effects due to some demographic factors by estimating degree

15Those using the simple scale-up method will not, however, be able to estimate the social
mixing parameters.
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differentially based on characteristics of the respondent and of the potential

alter population. If, however, there were conditions where the simple scale-

up estimator was expected to be equivalent to the latent non-random mixing

model, then the simple estimator would enjoy the same reduction of bias from

barrier effects as the more complex latent non-random mixing model estimates.

In this section we derive such conditions.

The latent non-random mixing model assumes an expected number of ac-

quaintances for an individual i in ego group e to people in group k (as in

(7)),

µike = E(yike) = di

A∑
a=1

m(e, a)
Nak

Na

.

On the other hand, the scale-up estimator assumes

E

(
K∑

k=1

yike

)
=

K∑

k=1

µike = di

A∑
a=1

m(e, a)

[
K∑

k=1

Nak

Na

]

≡ di

∑K
k=1

∑A
a=1 Nak

N
, ∀e. (14)

With the third equality in (14), the Killworth et al. scale-up estimator (2) is in

expectation equivalent to that of the latent non-random mixing model. This

equality holds if

m(e, a) =
Na

N
, ∀a, ∀e, (15)

or ∑K
k=1 Nak∑K
k=1 Nk

=
Na

N
, ∀a. (16)

In other words, the two estimators are equivalent if there is random mixing

(15) or if the combined set of names represents a “scaled-down” version of the

population (16). Since random mixing is not a reasonable assumption for the

acquaintances network of Americans, we need to focus on selecting the names
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to satisfy the scaled-down condition. That is, we should select the set of names

such that, if 15% of the population is males between ages 21 and 40 (Na

N
) then

15% of the people asked about must also be males between ages 21 and 40

(
∑K

k=1 Nak∑K
k=1 Nk

).

In actually choosing a set of names to satisfy the scaled-down condition,

we found it more convenient to work with a rearranged form of (16):

∑K
k=1 Nak

Na

=

∑K
k=1 Nk

N
, ∀a. (17)

In order to find a set of names that satisfy (17) we found it helpful to

create Figure 9 that displays the relative popularity of many names over time

by gender; lighter color represent greater popularity. Given the trendiness

of names demonstrated in Figure 9, we tried to select a set of names such

that the popularity across alter categories ended up balanced. For example,

if we consider selecting names to address barrier effects due to age, the names

selected should be popular in a particular time period then unpopular in the

remaining time periods.

Consider selecting three names from Figure 9: Walter, Bruce and Kyle.

Walter was most popular amongst those born from 1910-1940, but relatively

unpopular otherwise, whereas Bruce was popular during the middle of the

century and Kyle near the end. Thus, the effects of names at any one time

period will be canceled out by the popularity of names in the other time

periods, preserving the required equality in the sum (17).16

When choosing what names to use, in addition to satisfying (17), it is also

important consider the overall popularity of the names. For efficiency’s sake

16Note that this only works well if the names Walter, Bruce, and Kyle have similar
overall popularity because if one is much more popular than the others, it will dominate the
combined set of names. The McCarty et al. names for example have gender profiles that
are reasonably balanced but the male names are overall much more popular than the female
names, see Figure 3.
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Figure 9: Heat maps of additional male and female names based on data from
the Social Security Administration. Lighter color indicates higher popularity.
Three distinct popularity profiles are clear in the male names. The clustering
of female popularity profiles is still present, but less clear for the male names.

we suggest using names that are not too obscure, but we also suggest avoiding

names that are too popular in order to minimize the recall problems described

in Section 3.2. Generally, we found that names comprising approximately 0.1

to 0.2 percent of the population were easiest to work with because at this

level there are few recall problems and the average response ranges from 0.6-

1.3 from the respondents. Choosing names that are not commonly associated

with nicknames will also help to minimize transmission errors.

5.2 Simulation Study

We now demonstrate the above guidelines in a simulation study. Again, we use

the age and gender profiles of the names as an example. If other information

were available the general approach presented here would still be applicable.

The name-age profiles presented in Figure 9, are all of the desired popu-

larity (between 0.1 and 0.2 percent of the population). We have plotted the

figures separately for male and female names and clustered names based on age

profiles. In the figure for male names, there are three general clusters, roughly
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corresponding to the younger, middle-aged, and older respondents. For women

the pattern is less clear, which is expected since female names tend to be more

trendy for short time periods.

We demonstrate our guidelines by selecting two sets of names directly from

these figures. The first set of names in Table 2—the good names—were se-

lected using the procedure described in the previous section. This represents

our best attempt to choose a set of names that will produce reasonable esti-

mates from the simple scale-up estimator. As a point of comparison we also

selected another set of the names—the bad names—that were popular with

individuals born in the first decades of the twentieth century. As a final point

of comparison, we will also use the set of 12 names from the McCarty et al.

data.

Figure 10 provides a visual check of the scaled-down condition (15) for

these three sets of names by plotting the combined demographic profiles for

each set compared to that of the overall population. The figure reveals clear

problems with the McCarty et al. names and the bad names. In the bad

names, for example, a much larger fraction of the subpopulation of alters is

made up of older individuals than in the population overall (as expected given

our method of selection). Thus, we expect that scale-up estimates based on

Good names Bad names

Male Female Male Female

Walter Rose Walter Alice
Bruce Tina Jack Marie
Kyle Emily Harold Rose
Ralph Martha Ralph Joyce
Alan Paula Roy Marilyn
Adam Rachel Carl Gloria

Table 2: A set of names that approximately meet the scaled-down condition—
the good names—and a set of names that do not—the bad names.
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Figure 10: Combined demographic profiles for three sets of names (shaded
bars) and population proportion of the corresponding category (solid lines).

the bad names will over-estimate the degree of older respondents.

We assessed this prediction via a simulation study that fit the latent non-

random mixing model to the McCarty et al. data and then used these estimated

parameters (degree, overdispersion, mixing matrix) to generate a negative bi-

nomial sample of size 1,370. We then fit the scale-up estimate, the latent

non-random mixing model and the Zheng et al. model to this simulated data

to see how these estimates could recover the known data-generating parame-

ters.

Figure 11 presents the results of the simulation study. In each panel the

difference between the estimated degree and the known data-generating de-

gree for individual i is plotted against the age of the respondent. For the bad

names (Table 2) individual degree is systematically over-estimated for older

individuals and under-estimated for younger individuals in all three models,

but the latent non-random mixing model showed the least age bias in esti-

mates. This over-estimation of the degree of older respondents was expected
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Figure 11: A comparison of the performance of the latent non-random mixing
model, the Zheng et al. overdispersion model, and the Killworth et al. scale-up
method. In each panel the difference between the estimated degree and the
known data-generating degree is plotted against age. Three different sets of
names were used: a set of names that do not satisfy the scaled-down condition
(bad names), the names used in the McCarty et al. survey, and a set of names
that satisfy the scaled-down condition (good names). With the bad names, all
three procedures show some age bias in estimates, but these biases are smallest
with the latent non-random mixing model. With the McCarty et al. names,
the scale-up estimate and the Zheng et al. estimates show age bias, but the
estimates from the latent non-random mixing model are excellent. With the
good names, all three procedures preform well.

given the combined demographic profiles of the set of bad names (Figure 10).

For the names from the McCarty et al. (2001) survey the scale-up estimator

and the Zheng et al. model over-estimate the degree of the younger members

of the population, again as expected given the combined demographic profiles

of this set of names (Figure 10). The latent non-random mixing model, how-
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ever, produced estimates with no age bias. Finally, for the good names—those

selected according to the scaled-down condition—all three procedures work

well, further supporting the design strategy proposed in Section 5.1.

Overall, our simulation study shows that the proposed latent non-random

mixing model preformed better than existing methods when names were not

chosen according to the scaled-down condition, suggesting that it is the best

approach from estimating personal network size with most data. However,

when the names were chosen according the scaled-down condition, even the

much simpler scale-up estimator works well.

5.3 Selecting the Number of Names

For researchers planning to use the scale-up method an important issue to

consider in addition to which names to use is how many names to use. Ob-

viously, asking about more names will produce a more precise estimate, but

that precision comes at the cost of increasing the length of the survey. To help

researchers understand the trade-off, we return to the approximate standard

error under the binomial model presented in Section 2.1. Simulation results

using 6, 12, and 18 names chosen using the guidelines suggested above agree

well (details omitted) with the results from the binomial model in (5). This

suggests that the simple standard error may be reasonable when the names

are chosen appropriately.

To put the results of (5) into a more concrete context, a researcher who

uses names whose overall popularity reaches 2 million would expect a standard

error of around 11.6×√500 = 259 for a estimated degree of 500 whereas with
∑

Nk=6 million, she would expect a standard error of 6.2×√500 = 139 for the

same respondent. Finally, for the good names presented in Table 2,
∑

Nk=4

million so a researcher could expect a standard error of 177 for a respondent
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with degree 500.

6 Discussion and Conclusion

Using “How many X’s do you know?” type data to produce estimates of

individual degree and degree distribution holds great potential for applied

researchers. These questions require limited time to answer, impose no more

demands on respondents than the average survey question, and can easily be

integrated into currently existing surveys. The usefulness of this method has

previously been limited, however, by three previously documented problems.

In this paper we have proposed two additional tools for researchers. First,

the latent non-random mixing model in Section 3 deals with the known prob-

lems when using “How many X’s do you know?” data allowing for improved

personal network size estimation. In Section 5, we show that if future re-

searchers choose the names used in their survey wisely—that is, if the set of

names satisfies the scaled-down condition—then they can get improved net-

work size estimates without fitting the latent non-random mixing model. We

also provided guidelines for selection such a set of names.

Though the methods presented here account for bias in individual degree

estimation in ways that are not present in other methods, they are only as good

as the available data on the demographics of first names. Using “How many

X’s do you know?” data to estimate person network size requires knowing the

number of people in the population with the different first names. In many

countries such information may not be available. Further, the scaled-down

condition that we proposed can only control for non-random mixing across

dimensions for which there are sufficient data. For example, even if the set of

names used satisfies the scaled-down condition with respect to age and gender,
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there still could be a bias in the individual estimates that is correlated with

something that is not included in the model, such as race/ethnicity. We there-

fore believe that improved information about the demographics of different

first names, information that is collected but not released by the U.S. Census

Bureau, would be a great benefit to social science, and as such we suggest that

this information be released to the public.

A potential area for future methodological work involves improving the

calibration curve used to adjust for recall bias. The curve is currently fit de-

terministically based on the twelve names in the McCarty et al. (2001) data

and the independent observations of Killworth et al. (2003). In the future the

curve could be dynamically fit for a given set of data as part of the model-

ing process. Another area for future methodological work is formalizing the

procedure used to select names that satisfy the scaled-down condition. Our

trial-and-error approached worked well here because there were only 8 alter

categories, but if there were more, a more automated procedure would be

preferable.

In addition to the general benefit to social science from more accurate

estimates of personal network size, we think that one of the most interesting

and important potential applications of these improved network size estimates

is for the study of “hidden” or “hard-to-reach” populations, such as injection

drug users, men who have sex with men, and sex workers and their clients.

In most countries these are the subpopulations at greatest risk for becoming

infected with HIV, but, unfortunately, the sizes of these subpopulations are

not known and this hinders efforts to fight the spread of the disease (UNAIDS,

2003). As was shown by Killworth et al. (1998b) and Bernard et al. (1991),

estimates of person network size along with “How many X’s do you know?”

data can be used to estimate the size of hidden populations. For example, if you
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know 300 people and 2 injection drug users, then we can estimate that there

are about 2 million injection drug users in the United States (300 million
300

· 2 =

2 million). Thus, the improved degree estimates described in this paper should

lead to improved estimates of the sizes of hidden populations.

Appendix

A Details of the calibration curve

Killworth et al. (2003) and Zheng et al. (2006) both suggested that the relation

between βk = log(bk) and β′k = log(b′k) (the subpopulation sizes in the actual

social network and the recalled social network on the log scale) begins along

the y = x line and the slopes decreases to 1/2 (corresponding to a square root

relation on the original scale) as the fractional subpopulation size increases.

Based on this assumption and some boundary conditions, McCormick and

Zheng (2007) derived that

β′k = b +
1

2
(βk − b) +

1

2
(1− eβk−b),

where b = −7. For details on this derivation, the readers are referred to

McCormick and Zheng (2007). Therefore the calibration curve between bk

and b′k used in (12) is then

f(x) = exp(g(log(x))) → eb as x → eb,

= O(
√

x) as x →∞,

where

g(x) = b +
1

2
(x− b) +

1

2a

(
1− e−a(x−b)

)
.
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