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Misreporting is a common source of bias in population surveys involving sensitive topics such as sexual
behaviours, abortion or criminal activity. To protect their privacy due to stigmatized or illegal behaviour,
respondents tend to avoid fully disclosure of personal information deemed sensitive. This attitude however
may compromise the results of survey studies. To circumvent this limitation, this article proposes a novel
ego-centric sampling method (ECM) based on the respondent’s peer networks to make indirect inferences on
sensitive traits anonymously. Other than asking the respondents to report directly on their own behaviour,
ECM takes into account the knowledge the respondents have about their social contacts in the target
population. By using various scenarios and sensitive analysis on model and real populations, we show the
high performance, that is low biases, that can be achieved using our method and the novel estimator. The
method is also applied on a real-world survey to study traits of college students. This real-world exercise
illustrates that the method is easy-to-implement, requiring few amendments to standard sampling protocols,
and provides a high level of confidence on privacy among respondents. The exercise revealed that students
tend to under-report their own sensitive and stigmatized traits, such as their sexual orientation. Little or
no difference was observed in reporting non-sensitive traits. Altogether, our results indicate that ECM is a
promising method able to encourage survey participation and reduce bias due to misreporting of sensitive
traits through indirect and anonymous data collection.
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2 S. CHEN ET AL.

1. Introduction

Surveys are widely used in public health, psychology, business and sociology to collect data about
populations and to develop quantitative and qualitative understanding of the population characteristics [1].
The population proportions of traits or characteristics can be obtained by direct statistical inference
techniques in which respondents self-report information and are sampled via standard sampling methods,
as for example, simple random sampling, stratified sampling, clustering sampling [2]. When conducting
a survey on sensitive topics such as sexual behaviour, abortion, drug use or illicit activities, a key concern
is whether the respondents report their own characteristics accurately. Misreporting may occur in all
types of surveys and is considered a major source of bias [3]. Due to the stigma associated to certain
behaviours and fear of legal consequences in case of illicit activity, survey respondents tend to under-
report behaviours associated to undesirable or illicit activities, and over-report desirable and socially,
or legally, acceptable characteristics [3, 4]. For example, populations that are at higher risk of sexually
transmitted infections, including sex workers, injecting drug users or men-who-have-sex-with-men tend
to not respond questions about their stigmatized or illegal behaviours and consequently hide their health
conditions [5–7]. Similarly, clients of sex workers or drug dealers may be very challenging to identify
even using advanced sampling methods for hard-to-reach populations. In other contexts, such as voting,
researchers also found that more than 20% of non-voters lied that they had participate in voting by
comparing self-reported data with voting records [8]. Survey participants may also lie purposefully if
they do not trust the study or if the survey is judged excessively complicated [9].

To reduce misreporting and increase the accuracy of estimates on sensitive topics, several methods
have been developed and tested in different contexts. One set of methods relies on encouraging respondents
to provide reliable responses either by increasing privacy or by using psychological games. In the self-
administration approach, for example, respondents are instructed to interact directly with the questionnaire
without mediation by an interviewer [10, 11]. The same data collection may be also conducted in private or
in anonymous settings to further increase privacy [12, 13]. The bogus pipeline technique, on the other hand,
encourages accurate reporting by telling respondents that they are being monitored by machines (e.g. lie
detectors) or biological assays (e.g. saliva samples), and thus false reports can be automatically detected;
in reality however there is not automatic detection of false reports [14, 15]. The indirect questioning
methods, also called specialized question methods, specifically developed for surveys on sensitive topics,
involve more complex procedures to prevent the interviewers from learning the answers of respondents on
sensitive topics. Popular indirect methods include the randomized response technique (RRT) [16], item
count technique [17], the three-card method [18] and their variants. For example, RRT designs a pair of
questions for each respondent in which one question is sensitive and the other is unrelated and innocuous;
a randomizing machine is used to decide whether a respondent will answer the sensitive question but the
actual question is only known by the respondent. Although such methods are more effective on increasing
the respondents willingness to report truthfully [19, 20], there are still limitations in the implementation.
First, the complex design (e.g. the use of randomizing machines or multiple cards) may confuse the
respondents and increase the difficulty of the implementation in real settings. Some respondents may be
unable to understand how the survey works and hence may not feel comfortable enough to trust the study.
Second, some methods generate high variance, for example, the variance of RRT is at least four times
higher than the variance of conventional estimates in many cases [21].

Research shows that people are more willing to talk about their friends’ sensitive characteristics (e.g.
drug use [22] and abortion [23]) than their own, and that they can provide reliable responses about the
specific number of these friends [21–23]. We exploit this social behaviour to develop a sampling method,
hereafter called ego-centric sampling method (ECM), to generate estimates for sensitive variables using
surveys about the respondents peer networks. Therefore, instead of asking respondents to report their
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Fig. 1. Ego-centric sampling. The diagram illustrates the basic mechanisms of the ECM. ECM collects information by using the
peer network survey and then makes inference taking into account the social contacts.

own traits, ECM collects ego-centric information anonymously and then makes indirect inference with-
out the self-reported information but taking into account the social network effect for respondents and
their peers (see Fig. 1). The method consists in first conducting the so-called peer network survey, which
has been successfully applied in the general social survey [24] and in the study of hidden populations
[25]. Different from traditional sampling, our method neither requires respondents (i.e. egos) to provide
personal information on sensitive questions nor name their social contacts (i.e. friends or close acquain-
tances). The survey collects only the number of contacts (also called social degree) and the number of
those contacts with trait or characteristic A (remaining contacts thus have the mutually exclusive trait or
characteristic B). This procedure can be typically implemented with two simple questions: (1) how many
friends or close acquaintances do you have in the target group of the survey? and (2) how many of your
friends or close acquaintances have trait/characteristic A? Once this information is collected, ECM infers
population-level statistics using the underlying social networks between people in the population.

2. Results

The performance of the ECM is tested with model populations in which the social structures and other
population traits can be controlled, and in a real-world study about sexual behaviour, demographics and
economics of college students in a Chinese university.

2.1 Performance on model populations

We first study the ECM performance considering three models of underlying social contacts between
individuals: (i) the Erdős–Rényi (ER) network [26]; (ii) the Barabási–Albert (BA) network [27]; and
(iii) the KOSKK social network [28, 29]. The ER network model is a reference model in which links are
distributed uniformly among pairs of individuals (i.e. the nodes), and thus the number of social contacts
has a characteristic value almost symmetrically distributed around the mean value. The BA network
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4 S. CHEN ET AL.

model, on the other hand, assumes a preferential attachment growing process in which individuals with
more contacts tend to attract more new contacts. This gives rise to few individuals having much more
contacts than the mean and many individuals with just a few contacts. Both models do not reproduce
realistically social contacts but are helpful to understand the impact of the network structure on the
sampling process. The KOSKK model reproduces social network structures observed in real-life and is
used as a standard population model for testing processes in simulated, yet realistic, social networks (see
Supplementary Information). Each model population contains N = 10, 000 individuals (or nodes) and
E = 100, 000 social contacts (or edges). For each network, a trait A is assigned to a given fraction P(A)

of randomly selected individuals.
We begin the analysis by considering the census of the whole population N . This type of survey

is often used for closed populations, such as schools, enterprises, compulsory rehabilitation centres,
etc. Although we can conduct a census on each individual, some people may not be willing to answer
sensitive questions anyways. Therefore, we apply the ECM to estimate the proportion P̂(A) of individuals
with trait A (see Section 4) using the whole population (i.e. all egos in the network are involved).
The results show that the bias BS (i.e. the average of the estimates P̂m(A) minus the true proportion,
BS = ∑M

m=1(|P̂m(A) − P(A)|)/M) where M is the number of simulations) is less than 0.003 in all cases
(Table 1). The maximum bias of 0.003 is observed when the true population proportion P(A) = 0.1 in the
BA network model, and the minimum bias is close to 0 for P(A) = 0.2 in the BA network, and P(A) =
0.1 and 0.3 in the KOSKK network. For the remaining models, the biases of ECM are all less than 0.001.
The results suggest that the high variability of individual contacts, captured by the BA network model,
may have some impact on the estimates. Nevertheless, ECM has a relatively superior performance in the
KOSKK population model that reproduces more realistically heterogeneous social network structures
such as the degree distribution, social clustering and degree-correlations.

In this initial analysis, we assume that respondents are knowledgeable about the traits of all their
contacts. In practice, it is more likely that respondents are unaware of sensitive information about all of
their contacts. Respondents may also be more confident to inform about just a few closer contacts such
as closer friends. We simulate this scenario of partial information by assuming that each ego randomly
select either 3 or 5 of its contacts and inform only their traits during data collection. Table 1 shows that
ECM tolerates variations in the network structure and produces biases smaller than 0.004 in all simulated
scenarios. The results suggest that partial information, which is easier to collect, may be sufficient to
generate satisfactory estimates based on peer networks.

When the census is not feasible to implement in the target population, for example, because they are
hard-to-reach or too large, we can also use ECM to infer the P(A) by using data collected via simple
random sampling. We simulate this scenario by uniformly selecting 10% of the individuals (or nodes)
and collecting their corresponding alters’ information for the statistical estimation. Figure 2(A) shows
the distribution of bias for the estimates of each trait on different population models. The estimates
are centred around the true population values. For all the population models, the distribution of biases
becomes wider for increasing values of the true proportion of the study variable (P(A) from 0.1 to 0.4) in
the population. This reflects the fact that more than one respondent may be giving information about the
very same contact. The average biases for all the simulated model configurations are small. The average
biases (over M = 500 random realizations of the sampling process) are all less than 0.005. In seven of
the simulated configurations, i.e. when P(A) is 0.1 and 0.3 in the ER network, 0.2 and 0.3 in the BA
network and 0.1, 0.3 and 0.4 in the KOSKK network, the average biases are bellow 0.001. The variation
of different simulations for each trait is also small. The maximum bias of all these model configurations
is less than 0.015. In particular, when P(A) is 0.1 and 0.2 in the ER network, 0.1 in the BA network, and
0.1 in the KOSKK network, the maximum bias is always below 0.01.
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INDIRECT INFERENCE OF SENSITIVE VARIABLES WITH PEER NETWORK SURVEY 5

Table 1 The true and the sample estimate proportions of people with trait or property A. Simulations
are repeated M = 500 times for each model configuration. The results are averaged over 500 times.

Network P(A) (%) P̂(A) (%) P̂n3(A) (%) P̂n5(A) (%)

ER 10.0 9.9 9.9 9.8
20.0 20.1 20.1 20.1
30.0 29.9 30.0 29.9
40.0 39.9 39.9 39.8

BA 10.0 10.3 10.4 10.4
20.0 20.0 19.9 20.0
30.0 29.9 29.7 29.8
40.0 39.9 40.3 39.8

KOSKK 10.0 10.0 9.9 10.1
20.0 20.1 20.3 20.1
30.0 30.0 29.9 29.9
40.0 40.1 40.0 40.1

P(A) denotes the true population proportion.
P̂(A) denotes the estimates from the census of each respondent.
P̂n3(A) and P̂n5(A) denote the estimates from reports on 3 and 5 randomly selected contacts of each respondent.

2.2 The activity ratio

In real-life populations, individuals with different traits may dynamically affect the formation of their
personal social networks [30, 31], and there might be systematic differences in the average degree of
individuals with different traits. Such characteristic of social networks can be quantified by the activity
ratio (AR) which is the ratio of the mean degree for all individuals (NA) with trait A to those individuals
(NB) with trait B in the network, AR = 〈k〉A/〈k〉B, where 〈k〉A = ∑

i∈A ki/NA and 〈k〉B = ∑
i∈B ki/NB. If

AR = 1, the traits of the respondent is independent to the size of the respondent’s personal network.
In the previous section, the traits were randomly assigned to individuals and thus AR = 1. In this

section, however, we study the effect of AR by varying it from 0.5 to 1.5 in the KOSKK network, by fixing
the true population proportion at P(A) = 0.3 (see Section 4). In line to previous results, the estimates
are distributed around the true value and the average has negligible bias if AR = 1 (Fig. 2(B)). On the
other hand, if AR is larger or smaller than 1, the estimates deviate from the true value. If AR < 1, the
estimates tend to be smaller than the true value whereas if AR > 1, the estimates tend to be larger than
the true value. Such biases increase with the increasing difference between the value of AR and 1. The
biases of the estimates are small in a wide range of AR values: if 0.6 < AR < 1.5, the biases in all model
configurations are less than 0.05. When AR = 0.6 or AR = 1.5, the average bias of the estimates is 0.03 and
0.028, respectively. The largest bias is observed for AR = 0.5 and the average bias for all configurations
is 0.039. The results indicate that ECM is affected by the activity ratio. However, the biases introduced
by varying activity ratios are relatively small and remain within acceptable intervals. For example, the
average of the relative bias when AR varies from 0.7 to 1.5 is only 10%.

2.3 Performance on a real-world social network

We implement the ECM on an anonymized online men who have sex with men (MSM) social network
called Blued, which is the world’s largest MSM dating app [32]. We collect data only on users and

D
ow

nloaded from
 https://academ

ic.oup.com
/com

net/article/9/6/cnab034/6420764 by  xin.lu@
flow

m
inder.org on 08 N

ovem
ber 2021



6 S. CHEN ET AL.

−0.05 0 0.05
 

−0.1 0 0.1

Bias Bias

P(A)=0.1

P(A)=0.2

P(A)=0.3

P(A)=0.4

P(A)=0.1

P(A)=0.2

P(A)=0.3

P(A)=0.4

P(A)=0.1

P(A)=0.2

P(A)=0.3

P(A)=0.4

AR=0.5

AR=0.6

AR=0.7

AR=0.8

AR=0.9

AR=1.0

AR=1.1

AR=1.2

AR=1.3

AR=1.4

AR=1.5

ER

BA

KOSKK

−0.05
 

0.05

A B

Fig. 2. Distribution of biases for each model population. The distribution of biases for the estimates of the proportion of people
P̂(A) with property A on (A) model populations (ER, BA and KOSKK social networks) with varying proportions P(A), and (B)
model population (KOSKK social network) with varying activity ratios (AR). The sampling size of the simple random sampling
corresponds to 10% of the full population. Simulations are repeated 500 times for each model configuration.

friendship relations (mutual following) within the giant connected component (GCC), yielding a network
of N = 556,627 nodes and E = 16,963,498 undirected links. The degree distribution is skewed with 80%
of users connecting to less than 28 other users (see Fig. 3(A)). Four traits of the users have been used for
the estimation exercise: (i) age (less than 30 years old), (ii) sex roles (“Tops”), (iii) country (China) and
(iv) continent (Asia).

The estimated proportions of users for each of the four traits shows the high agreement of ECM
estimation and the true values, with small biases for each trait, that is, 0.033 for age, 0.022 for sex roles,
0.031 for country and 0.030 for continent (Table 2). The activity ratios of the traits are larger than 1, which
may contribute to these small biases observed in the estimates according to the analysis in Section 2.2.
The results suggest that ECM can provide accurate population estimates on population proportions with
small biases on real social networks.

2.4 Reporting error in the real-world network

In the above analysis, we assume that all respondents (user nodes) can report their social contacts accu-
rately. In the real life, the respondents may mis-estimate their personal network size. To evaluate this
potential bias, we simulate ECM on the MSM social network with degree reporting error pmiss

A ∈ [0, 0.2]
and pmiss

B ∈ [0, 0.2], that is, a maximum of 20% social contacts with trait A or B (mutual exclusive trait
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A B

Fig. 3. Degree distributions of (A) the MSM social network and (B) respondents in real-world survey. The average degrees are 30.5
for MSM social network and 59.2 for respondents in real-world survey.

Table 2 The population value and ECM estimates of four traits on the MSM social network

(%) Age Sex roles Country Continent

Tue value 47.7 19.5 61.4 79.3
Estimate 51.0 21.7 64.5 82.3
Activity ratio 1.08 1.03 1.12 1.09

of A) may be unidentified in the respondents personal networks. Figure 4 shows that the biases of ECM
range within [0.00, 0.075] even with miscounting 20% of social contacts. The highest biases are 0.072
for age, 0.051 for sex roles, 0.064 for country and 0.046 for continent with miscounting 20% of social
contacts with trait A.

Another reporting error which may occur in the implementation of ECM, is that the respondents
inaccurately report the traits of their social contacts. We evaluate the performance of ECM by varying
trait reporting error perror

A and perror
B from 0 (i.e. the number of social contacts with trait A or B is reported

correctly) to 0.2 (i.e. 20% of these are misclassified). Figure 5 shows that ECM is relatively more
sensitive to trait reporting error in comparison to its robustness to degree reporting error (Fig. 4), though
the biases become large only when there is a systematic difference in the reporting error regarding trait,
for example, the bias is large only when one type of the trait is significantly misclassified. When both
traits are misclassified, their effect on the bias will compensate each other and the final bias become small
to moderate. In the worst case scenarios, the biases of ECM on four traits are 0.11 for age, 0.15 for sex
roles, 0.08 for country and 0.12 for continent. These results suggest that ECM provides the estimates
of population proportions with low and acceptable biases even in case of the degree and trait reporting
errors.
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Fig. 4. Bias of ECM on four traits of the MSM social network with degree reporting error. (A) age, (B) sex roles, (C) country and
(D) continent. pmiss

A and pmiss
B give the fraction of miscounted contacts, respectively, for traits A and B.

2.5 Real-world survey

To corroborate the applicability of the proposed sampling method (ECM) in real settings, we conduct
a real-world survey about demographics and sexual behaviour of college students (see Section 4). To
compare the performance of ECM with standard sampling, self-reported traits of respondents and traits
of their contacts are collected. An anonymous paper questionnaire is sent to each student in the whole
grade. Out of 155 invitations, only 125 students returned valid responses. Figure 6 shows the ego-networks
of each of the 125 students. Some students have a relatively larger number of contacts than the majority,
nevertheless, the degree distribution of the sample (see Fig. 3(B)) reveals that the distribution of degrees
is not heterogeneous or skewed, most likely because this is a closed population with high sociality.

Table 3 shows the self-reported and estimated proportions of students for each of the seven sensitive
and non-sensitive traits (see Section 4). For the non-sensitive traits, the true proportion is calculated
using authorized and anonymous data obtained from the central university registers. The results indicate
relatively small biases when estimating non-sensitive traits such as age, gender and province of origin.
In the case of the self-reported data, the biases are 0.003 (age), 0.012 (gender) and 0.03 (province).
These results support our hypothesis that people more openly tell the truth when the questions involve
non-sensitive topics. Although the accuracy of ECM estimates for non-sensitive traits are not as good as
for the self-reported case, the estimates are sufficiently close to the true proportions with relatively small
biases, that is, 0.009 (age), 0.017 (gender) and 0.035 (province). The activity ratios of each trait vary
between 0.95 and 1.35 (see Supplementary Information). These variations may contribute to generate the
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Fig. 5. Bias of ECM on four traits of the MSM social network with trait reporting error. (A) age, (B) sex roles, (C) country and (D)
continent. perror

A and perror
B give the fraction of misclassified contacts, respectively, for traits A and B.

small bias observed in the estimators. Overall, the results indicate that in our real-world study, the ECM
provides reliable population estimates without the need of using the respondents’ own information.

Since we do not have the true population values for the four sensitive traits, we are limited to compare
ECM with self-reported estimates. In contrast to non-sensitive traits, in which ECM estimates are all
smaller than self-reported estimates, the estimation of sensitive traits are larger in ECM than in the self-
reported case. In fact, the only exception is the estimation of living expenses, in which self-reports result
on larger estimated proportions. We have observed small differences when separating the sample in man
and woman (see Supplementary Information). These results suggest that the traits that may be socially
embarrassing or stigmatized, such as virginity, homosexuality (sexual orientation) or having sex with
strangers, may be under-reported, even if privacy and confidentiality of respondents are in place, as is
the case for our method. Since we do not have the true value for the sensitive information, it may well be
the case that in reality, ego’s under-estimate living expenses while over-estimating traits related to sexual
behaviour. A definitive answer is outside of the scope of our sampling method which aims to provide
accurate estimations and not necessarily identify the source of potential biases.

To increase the confidence in our estimates, we also estimate the 95% confidence intervals (95% CI)
for ECM using a bootstrap method [33, 34] (see details in Supplementary Information). The confidence
intervals are relatively narrow for all variables. For the non-sensitive traits, due to the bias estimates of
the corresponding variables, the true values are not contained in the 95% CI, but the difference between
the CI and the true value is small, 0.003 (age), 0.008 (gender) and 0.025 (province). For the sensitive
traits, the most critical for our purposes, the point estimates are all within the estimated 95% CIs.
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10 S. CHEN ET AL.

respondents close acquaintances

Fig. 6. Respondent’s ego-networks. Each sociogram shows the respondent (the green central discs) connected (black lines) to their
reported contacts (the black outer discs). The number of sampled students (i.e. egos) is 125 and the total number of contacts (i.e.
alters) is 7462.

Table 3 The true values, self-reported statistics (simple mean) and ECM estimates (Eq. (4.4)) using 125
respondents

(%) Age
Gender
/male

Province
Living
expense

Virgin Homosexual
Had sex
with strangers

True value 61.9 14.8 65.8 — — — —
Self-reported 61.6 13.6 68.8 14.4 61.6 5.6 7.2
Estimate 61.0 13.1 62.3 13.2 64.0 7.4 8.2
95% CI [59.6 ,61.6] [12.2 ,14.0] [61.5 ,63.2] [12.7 ,13.7] [62.7Â·,65.4] [6.5 ,7.4] [7.8 ,8.6]

3. Discussion and conclusion

Surveying populations about sensitive topics is challenging [35]. In various contexts researchers need to
collect information that respondents are not willing to share due to the stigma associated or because of fear
of potential legal consequences. For example, although efficient sampling methods such as venue-based
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INDIRECT INFERENCE OF SENSITIVE VARIABLES WITH PEER NETWORK SURVEY 11

or respondent-driven sampling have been successfully used to survey the behaviour of sex workers, their
clients are many times unwilling to volunteer in survey studies for fear of being identified and stigmatized.
Similarly, political tensions and religious influence in some locations may discourage self-reporting of
political and sexual orientation. Generally speaking, sensitive topics are ubiquitous and thus one needs
easy-to-implement effective methods that guarantee individual privacy, confidentiality and statistical
reliability.

In this article, we propose a novel method (named ECM) which exploits social ties to anonymously
obtain sensitive information from studied populations. We also propose an estimator for the proportion
or prevalence of traits in such populations together with a bootstrap method to calculate the estimator’s
confidence interval.

The method consists in three steps: (i) census or population sample is used to identify potential
respondents; (ii) two questions are asked to respondents, one about the number of social contacts in the
target population and the second about the number of social contacts in the target population with a given
trait; (iii) inference of population proportions is made using our novel estimator. We test our method
under various simulated and real-world scenarios to study potential limitations and the applicability of
the method. The results suggest that the method is generally robust in all studied scenarios and feasible
for real-life applications.

A careful sensitive analysis indicated that the method is affected by the activity ratio, that is, the ratio
of the average degrees (number of contacts) of the two populations with traits A and B (not A). If the
average degree is relatively higher for one group, this group may be over-estimated and the second group
may be under-estimated. Nevertheless, the bias is relatively small and within an acceptable interval when
the activity ratio is not too far from 1 (e.g. ±30%), which is typically the case in real-world scenarios.
The degree distribution, typically of concern, does not seem to affect the estimations significantly (biases
less than 0.003). Our analysis also indicates that information about a few contacts is sufficient to obtain
reliable estimations. This approach is important because respondents may not be aware of traits of all
their social contacts and in practice asking about all contacts may induce errors. At the same time, asking
about more than a single contact guarantees a level of confidentiality that does not compromise the social
relation between respondents and their contacts, raising ethical concerns [36]. Furthermore, the method
can provide estimates with small biases even facing the degree reporting error and trait reporting error.

The real-world exercise indicated that the method is relatively easy-to-implement and involves few
amendments to standard sampling surveys. In particular, it introduces two simple and direct questions
with little space to misinterpretations. We also observed that providing a list of potential contacts discon-
nected to the questionnaire, though not essential, may encourage and aid respondents to identify all their
contacts and associate them to specific traits yet keeping privacy. The transparency and simplicity of the
method (without for example randomizing devices or complex instructions), and its indirect and averag-
ing nature make respondents less confused and more engaged. Before the real-world survey, we conduct
a pilot on the respondents’ willingness to participate in the survey. About 83% of the respondents (128
students) considered that the novel approach, that is, the peer network survey, guarantees their privacy
and encourages them to complete the questionnaire until the end. In the real-world survey, 125 completed
questionnaires were returned, corresponding to a response rate of 81%. The results also provided evidence
that individuals tend to under-report traits that are stigmatized and many times not publicly known. Since
the true values are missing, these results may indicate miss-perception of respondents towards contacts.
A definitive answer is outside of the scope of our sampling method. It is however important to note that
the proposed method is limited for situations when sensitive information is not shared between all peers
but to closer friends. One approach to reduce these potential biases is to ask respondents to report on a
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few social contacts. A compromise however is necessary to achieve both statistically significant averages
and reliability in the flow of information.

In summary, the proposed ECM shows practical advantages over more complex standard methods to
estimate population proportions on sensitive topics in both census or sampled populations. The sensitive
topics about sex orientation, virginity and living expense can be well estimated by ECM. The method
requires two simple questions about the respondent’s contacts to assure privacy for all individuals. The
method encourages participation and reduces misreporting during data collection, providing robust results
in both simulated and real-world scenarios. The method has potential to be a valuable tool for both
qualitative and quantitative research in settings where privacy must be guaranteed. Further validation of
the method is necessary, particularly to test its performance in settings where traditional methods have
been challenged, as for example, in the study of clients of sex-workers, drug dealers via drug users,
same-sex sexual contacts in countries where such activities are criminalize or in corruption.

4. Materials and methods

4.1 Ego-centric sampling method

The ECM consists in three steps: (i) census or population sample is used to identify potential respondents;
(ii) the peer network survey: two questions are asked to each respondent i, one about the number of social
contacts (i.e. the degree ki) in the target population and the second about the number of social contacts
kA

i in the target population with a given trait A; (iii) inference: the peer network survey is used to make
anonymized inferences of the proportion P(A) of individuals with trait A in the target population. Steps
(i) and (ii) can be applied in both qualitative and quantitative surveys. In this article, we study quantitative
surveys and thus derive below a point estimator P̂(A) for the prevalence (step (iii)). A bootstrap procedure
is suggested in the Supplementary Information, and used to analyse the real-life survey, to generate 95%
confidence intervals.

We first define a social network as a set of N nodes i representing individuals connected by social
ties (or links, i.e. (i, j)) in case they identify each other as friends or close acquaintances [37]. Assuming
that these social ties are reciprocal (i.e. network links are undirected), the number of links from all type
A nodes with degree k can be written as:

∑

i∈{i|ki=k}
kA

i = nkp(A|k)k, (4.1)

where p(A|k) is the probability of being a type A node for nodes with degree k and nk is the number of
nodes with degree k. And the expectation of the number of nodes with trait A is:

E(NA) =
kmax∑
k=1

p(A|k)nk , (4.2)

where kmax is the maximum degree of the network. The proportion of nodes with trait A in the network,
P(A), can thus be estimated by:
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P̂(A) =

kmax∑
k=1

∑
i∈{i|ki=k}

kA
i /k

N
. (4.3)

We can also extend the above equation when only n random alters are used:

P̂R(A) =

kR
max∑

k=1

∑
Ri∈

{
Ri |kRi

=k
} kA

Ri
/k

n
, (4.4)

where P̂R(A) is the estimator for n random alters, kR
max is the maximum degree of the random samples,

and kA
Ri

is the degree with trait A for a random respondent Ri.

4.2 Activity ratio of social networks

The activity ratio (AR) is the ratio of the mean degree for the group of nodes (individuals) that has trait
A to the mean degree of the group of nodes that has trait B in the population, that is AR = 〈k〉A/〈k〉B.
It quantifies how nodes with different properties affect the formation of their personal (ego) networks.
Based on the KOSKK social network model (see Supplementary Information and refs. [28, 29]), we
generate a set of networks with varying activity ratios by using the following algorithm: Let w be the
activity ratio of the current network and w′ the target value. When w > w′, a node i with trait A and a
node j with trait B are randomly selected. Let the degree of nodes i and j are ki and kj respectively. If
ki > kj, we swap the traits of the two nodes, that is node i gets trait B and j gets trait A. On the other hand,
when w < w′, we swap the traits of the nodes only if ki < kj. This process is repeated until w reaches the
desired w′. To generate different statistical scenarios, the network structure is kept fixed and a new trait
list is randomly generated.

4.3 Real-world survey

To evaluate the effectiveness of ECM, we implement a empirical study at a university in Hunan Province,
China, by inviting all third-year undergraduate students from the same program to participate the sur-
vey (see Supplementary Information for details). The peer network survey is conducted to collect both
sensitive and non-sensitive ego-centric data. In addition, personal self-reported data are also collected
for comparison. The questionnaire is divided into two parts. The first part collects self-reported data by
directly asking the characteristics of the respondent. The questions include: (i) age (if more than 22 years
old), (ii) gender (if male), (iii) birth province (if Hunan), (iv) living expenses (if less than 800 RMB –
approx. 127 USD – per month), (v) virginity (if yes), (vi) sexual orientation (if self-identified as homo-
sexual), and (vii) the history of having sex with strangers (if yes). The second part collects information
about peers, that is, it asks the respondent to inform the number of his or her close acquaintances (social
contacts) with the above traits (e.g. kage

i ) and the total number of his or her close acquaintances (i.e. ki).
Some steps are taken to further encourage participation and improve the response rate and the relia-

bility of the collected data. First, the interviewers inform the respondents that the researchers analysing
the data are not involved in data collection. Second, the questionnaire is filled out anonymously to assure
confidentiality and privacy. Third, besides the anonymous questionnaire, a list of names of all students
is given to each respondent, to aid on counting the total number of close acquaintances and the number
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of close acquaintances who has a given trait. For a total of 155 students from the same program, 125 of
them returned complete and consistent questionnaires, giving a response rate of 81%.

Supplementary data

Supplementary data are available at COMNET online.
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