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A B S T R A C T   

While there is a well-established literature on measuring political polarization in two-party systems, relational 
approaches to polarization in multiparty systems are still very limited. In this paper we develop a network-based 
approach for measuring perceived party polarization in survey studies that is suitable for multiparty systems. Our 
approach is based on cognitive social structures design. We generate a cognitive political network for each 
respondent in a nationally representative survey in Turkey by asking respondents their perceived ties among all 
possible dyadic relations among major political parties. From these networks we calculate multiple whole 
network measures that may be reasonable proxies for perceived party polarization. We compare our approach 
with the Left-Right political ideology distance scale commonly used in survey studies. Our analyses show that the 
association between our measure and the Left-Right ideological distance is limited. The cognitive political 
network approach may be a flexible and a direct alternative for measuring political phenomena in survey studies 
such as perceived party polarization in multiparty contexts.   

1. Introduction 

Politics in many countries around the world have been characterized 
by increasing polarization in ideological, partisan, and affective forms 
(Gidron et al., 2019; McCoy et al., 2018). Political elites and voters 
position themselves further apart on salient issues along partisan lines, 
and they also display increasing levels of distrust and dislike towards 
outgroups. As a result, citizens’ interactions become less deliberative 
and more within-group only (Valentino et al., 2008) and trust in political 
institutions has been weakening (Hetherington and Rudolph, 2015). 
This disconcerting trend for governance leads to a growing interest in 
better measurement of political polarization. 

Polarization is a relational and multidimensional phenomenon 
(Neal, 2020; Lauka et al., 2018). As the number of parties in a polity 
increases, their relational configuration becomes a critical aspect of 
polarization. However, the structural conceptualization and measure-
ment of polarization in multiparty systems is very limited (Wagner, 
2021).1 In order to address this gap, we apply the interdisciplinary 
literature on the cognition of inter-personal social networks to political 

science (Krackhardt, 1987; Kilduff and Brass, 2010). This line of 
research, also known as cognitive social structures (CSS), examines how 
individuals perceive and represent the social structures they are 
embedded in. CSS studies show that perception of social ties are related 
to a variety of important individual and group level outcomes such as 
power, performance, leadership, reputation, and innovation (Krack-
hardt, 1990; Kilduff and Krackhardt, 1994). 

In this paper we show that a similar approach, which we name 
cognitive political networks, can be applied to political science as well. In 
the following sections we introduce the use of cognitive political net-
works in public opinion surveys, illustrate how cognitive political net-
works can be used to measure important relational political 
phenomenon such as perceived party polarization, and provide real life 
examples based on a nation-wide public opinion survey conducted in 
Turkey. We also discuss potential advantages of the cognitive political 
network approach over using a single dimensional Left-Right political 
ideology scale to measure perceived party polarization. 
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1 There is a well established literature on measuring polarization in two party systems, see, for example, Fiorina and Abrams (2008). 
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2. Political polarization 

The most straightforward definition of political polarization is 
related to the extent of disagreement within a society on politically 
salient issues (DiMaggio et al., 1996).2 Typically, while a unimodal 
distribution of voters’ issue preferences with little dispersion would be 
indicative of a low level of polarization, a bimodal distribution with a 
large distance between the modes would signal a high level of polari-
zation (Abramowitz and Saunders, 2008). Polarization could also be 
viewed as a process (DiMaggio et al., 1996) – a change in the distribution 
of voters’ preferences from a unimodal distribution to a bimodal one, 
accompanied by a movement away from the center toward extremes 
(Fiorina and Abrams, 2008). 

Of course, in any polity there may be several salient political issues 
that structure political competition at any given point in time, so it 
might not be clear which issue(s) to consider for diagnosing polariza-
tion. The most common approach to address this is to assume that voters 
and parties are sorted along a left – right (or liberal – conservative) 
ideological continuum as a summary measure of overall issue prefer-
ences (Dalton, 2008). In practice, respondents in surveys are asked to 
place themselves and parties in this continuum and the resulting dis-
tribution is assumed to reflect the level of polarization. 

An alternative conceptualization of mass polarization is “the extent 
to which partisans view each other as a disliked out-group” (Iyengar 
et al., 2012). This tendency is known as affective polarization – a sep-
aration in society as a result of classifying opposing partisans as mem-
bers of an out-group and co-partisans as members of an in-group 
(Iyengar and Westwood, 2015). The measurement of affective polari-
zation rests on partisan thermometer questions in surveys; respondents 
are asked to report how “cold” or “warm” they feel towards different 
target groups or entities; in the U.S. typical targets are “Democrats” and 
“Republicans” or “Democratic Party” and “Republican Party”. 

Both approaches have some drawbacks. It is not clear whether a 
single dimension of left – right continuum can pick up and summarize 
the complex political cleavages in a polity. Rather than an ideological 
division, polarization might have a moral or economic basis (Rehm and 
Reilly, 2010). Moreover, the distances between different policy positions 
do not necessarily reflect the salience of the issue hand, which might be 
as important as policy distance for polarization (Hetherington, 2009). 
Proponents of the approach of affective polarization also highlight that 
polarization should be conceptualized as a function of group identity 
(the degree to which favoring one’s own group while having negative 
sentiments towards opposing groups), and that policy-based divisions do 
not capture this (Iyengar et al., 2012). In turn, the thermometer ques-
tions to measure affective polarization have been found to be ambiguous 
on whether the targets of evaluations are party elites or partisan voters 
(Druckman and Levendusky, 2019). 

A common shortcoming to both these approaches concerns the lack 
of relational information about the parties, leaders or party constitu-
encies they evaluate. In the left-right version all we know is where the 
respondent stands and where he or she places the parties or leaders 
along the unidimensional left-right scale. How the parties relate to one 
another along the left-right dimension that might be reflective of a 
polarized interaction is not known. Similarly, we do not know how the 
respondent and his or her position along the left-right scale relate to 
other parties or candidates. The affective polarization approach relates 
the individual respondent to the parties or candidates. In other words, 
each respondent is asked to evaluate his or her dyadic relation to parties 
in isolation, independent from the larger structure in which these re-
lations are embedded in. This approach does not consider the nature of 
party competition nor the country specific cleavages and alliances 

(Tucker et al., 2018). Also, the conceptualization of affective polariza-
tion works well in two party systems but becomes problematic when 
applied to multi-party systems (Wagner, 2021). Beyond the two-party 
systems, affective polarization cannot measure how the parties relate 
to one another. Hence all we know is differences in the way individual 
respondents’ relate affectionately to parties or candidates without the 
structural context. As such, affective polarization is more about 
party-constituency linkages rather than the way parties’ or politicians’ 
relate to one another. 

3. Structural approaches to political polarization 

Structural conceptualization of political polarization is not common. 
Exceptions are studies about mass polarization in online platforms and 
elite polarization in the parliaments. The majority of scholarly work on 
mass polarization in online platforms focus on US politics and use 
clustering and community detection algorithms to identify cohesive 
subgroups that tend to correspond with Democrats and Republicans. For 
example, Adamic and Glance’s (2005) analysis of the hyperlinks among 
the top 1000 blogs that were active during the 2004 US Presidential 
election shows that liberals and conservatives mostly communicated 
within their own communities with very few bridging ties between 
them. Similarly, Conover et al. (2011) examined tweets from a few 
weeks leading up to the 2010 U.S. congressional midterm elections and 
identified two clusters of re-tweet networks that represent left leaning 
and right leaning users. These studies are important for understanding 
the dynamics of online mass polarization but are limited in the sense that 
online user data can hardly be matched even with basic socio-economic 
variables, or other important political attributes (Tucker et al., 2018). In 
addition to sampling biases, bots, trolls, and the data sharing policies of 
social media websites also constrain the external validity of these 
studies. For example, although the number of Facebook users are much 
larger and diverse than Twitter users, most researchers use Twitter data 
due to its easily accessible Application Program Interface (API). 

There are significant number of studies analyzing political polari-
zation through legislative networks as well. The majority of these studies 
construct political ties between legislators using affiliation networks 
based on some kind of joint action or shared membership. Some ex-
amples include networks based on legislators’ co-sponsorship of bills 
(Fowler, 2006), voting similarity (Waugh et al., 2009), and sitting in 
same committees (Porter et al., 2005). These studies point to increasing 
polarization in both the U.S. House of Representatives and Senate (Neal, 
2020). Another structural alternative to political polarization is pro-
posed by Maoz and Somer-Topcu (2010) based on policy similarity of 
parties. This approach generates party × party distance matrices based 
on declared policy positions of political parties and is applicable to 
multi-party systems. While these strategies are useful for measuring 
polarization among the elites, they are indirect measures of cooperation 
and collaboration (Neal, 2020) and not suitable to study mass 
polarization. 

Upon reflection on the existing empirical literature, we argue that 
instead of solely positional assessments concerning the political divide, a 
relational perspective stands to offer a complementing new perspective 
for the analysis of mass political polarization. We introduce our network 
framework with data from an exemplary polarized setting of Turkey. We 
evaluate the analytical and empirical opportunities this new network 
approach offers by using data from a recent, nationally representative 
survey data collected in the aftermath of the 2018 general elections in 
Turkey. 

4. Cognitive political networks 

Cognitive political networks are closely related to the studies known 
as cognitive social structures (CSS). Research on CSS are primarily 
concerned with the antecedents and consequences of individuals’ per-
ceptions of the social structures they are embedded in (Krackhardt, 

2 Political polarization could be conceptualized at the level of elites or 
masses. Here our focus is on mass polarization. For a thorough discussion of 
elite-level polarization, see Hetherington (2009). 
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1987). CSS researchers examine questions pertaining to organizational 
networks and social psychology such as why certain individuals have 
more accurate perceptions of social relations, the consequences of 
network perceptions for the individuals or the overall group in a 
bounded network, and why certain ties are more accurately perceived 
than others (Krackhardt, 1990; Kilduff and Krackhardt, 1994; Kilduff 
and Brass, 2010; Krackhardt and Stern, 1988). Johnson and Orbach 
(2002) is the first and only study so far that applied a CSS approach to a 
political network context. In their Social Networks article, Johnson and 
Orbach collected CSS data from 44 state legislators and staff that were 
active during the legislation of a bill about the North Caroline fisheries 
in 1994. They conceptualized their network as a cognitive political 
network, but mainly focused on network cognition problems such as 
perception accuracy and ego biases. 

Recent studies on political belief systems that use network analysis 
tools also have certain similarities with the cognitive political networks 
framework that we propose. Research on belief network analysis (BNA) 
conceptualize political belief systems as social structures that consist of 
interdependent opinions (Boutyline and Vaisey, 2017; Converse, 1964). 
BNA studies are based on the assumption that individuals’ attitudes on 
various policy areas are not isolated viewpoints; instead, beliefs “hang 
together” (Martin, 2002, p. 870) and constrain each other. The goal of 
BNA studies is to identify the logic and specific patterns of belief sys-
tems. The majority of BNA studies use public opinion surveys to generate 
relational data in which nodes tend to represent policy domains and 
weighted ties signify a measure of similarity between pairs of policy 
domains. Once belief systems are constructed as networks, researchers 
can identify central political beliefs, classify belief systems based on 
their structural properties, and analyze antecedents and consequences of 
belief systems (Boutyline and Vaisey, 2017; Baldassarri and Goldberg, 
2014; and Brandt et al., 2019). 

In this paper we introduce a CSS design with the goal of developing a 
tool that can be used to study concepts and questions within the domain 
of political science, such as political polarization. We define cognitive 
political networks (CPNs) as individuals’ preference or perception of 
relations between political parties in multiparty contexts. A CPN for 
each respondent can be constructed using survey questions that require 
respondents to evaluate ties between party pairs. In order to derive 
CPNs, each respondent assesses n(n − 1)/2 ties, where n is the number of 
political parties. 

CPN is similar to BNA since both approaches allow researchers to use 
network analysis tools to study political beliefs based on public opinion 
surveys. However, BNA derives relational data indirectly through 
questions on policy positions, and there is no consensus on how to 
construct ties between policy domains (e.g., partial correlations, rela-
tional class analysis). In contrast, the CPN approach embeds network 
questions directly into the survey instrument. The two approaches are 
also different in the sense that BNA operationalizes political beliefs in 
relation to various policy issue areas whereas CPN is useful when re-
searchers are interested in opinions towards relations between major 
political actors. 

In our example, CPN questions were embedded into a nationally 

representative survey (N = 1032) fielded shortly after the June 2018 
Turkish general election.3 Turkey is a relevant case for the purposes of 
our study as cross-country comparative studies consistently highlight 
that Turkey is one of the most politically polarized countries both at the 
elite and mass levels (Lupu, 2015; Wagner, 2021). The Turkish political 
landscape has been historically characterized by two major cleavages 
across religiosity and ethnicity (Aytaç and Çarkoğlu, 2019). These 
cleavages correspond to tensions between devout Muslims and less 
observant, secular groups and between the Turkish majority and Kurdish 
minority, respectively. Scholars note that in recent years the country 
witnessed increased polarization due to the divisive discourse of the 
elites that aimed at mobilizing their constituency (Somer, 2019), and 
partisan considerations came to play a dominant role in voters’ opinions 
on several salient political issues (e.g., Aytaç et al., 2017). 

During the period of the survey, the Turkish party system had six 
major players: The conservative, pro-Islamist Justice and Development 
Party (Adalet ve Kalkınma Partisi, AKP) that is in power since 2002, the 
social democratic, secularist Republican People’s Party (Cumhuriyet 
Halk Partisi, CHP), the right-wing, (Turkish) nationalist Nationalist 
Movement Party (Milliyetçi Hareket Partisi, MHP) and IYI Party (Iyi Parti, 
IYI), the Peoples’ Democratic Party (Halkların Demokratik Partisi, HDP) 
with roots in the Kurdish nationalist movement, and the pro-Islamist 
Felicity Party (Saadet Partisi, SP). Two electoral alliances were formed 
to contest in the election: the ruling AKP and MHP formed the “People’s 
Alliance” while the main opposition CHP and the two other opposition 
parties (IYI and SP) formed the “Nation Alliance.” In the 2018 election 
the People’s Alliance received about 54% of the votes while the Nation 
Alliance received about 34%. The HDP participated in the election 
without being part of an alliance and received about 12% of the votes. 
All of these six parties (and only them) won seats in the parliament. 

This party alliance structure of Turkey is a good example of the 
limitations of political ideology to understand the dynamics of political 
polarization. The parties forming the Nation Alliance are ideologically 
quite distant to each other: While the CHP is a secularist, left-wing party, 
the IYI and SP are right-wing nationalist and Islamist parties, respec-
tively. Yet they were able to form an electoral alliance and maintain 
cooperative relations even after the election, as they were united in their 
opposition to the newly established presidential system, the newly 
elected President Erdogan and the People’s Alliance. 

To explore such dynamics further, in our survey we randomly 
assigned respondents into one of two question versions. In the first 
version, the focus was on whether respondents approved or disapproved 
a certain pair of political parties working together. The following 
wording was used in this “preference” version: 

“Now I would like you to make an assessment of relations between 
political parties with seats in parliament. For each pair of parties that 
I am going to read, could you tell me whether you approve or 
disapprove that these parties work together in parliament when 
setting the agenda, making laws, etc.? Would you fully approve it, 
partially approve it, or disapprove it?” 

Response categories to the preference question were 0-disapprove, 1- 

3 The sampling procedure for the survey starts with the use of Turkish Sta-
tistical Institute’s (TUIK) NUTS-2 regions. The target sample was distributed 
according to each region’s share of urban and rural population in accordance 
with current records of the Address Based Population Registration System 
(ADNKS). Next, TUIK’s block data were used with block size set at four hundred 
residents. Twenty households were targeted from each block and no substitu-
tion was used. The selection of individuals in households is done on the basis of 
reported target population of eighteen years or older in each household ac-
cording to a lottery method. If for any reason that individual cannot respond to 
our questions on our first visit, then the same household is visited up to three 
times until a successful interview is conducted and no substitution was applied. 
All interviews are conducted face to face in respondents’ households. 
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partially approve, and 2-fully approve. Respondents assigned to the 
second version were asked whether the pair of parties were actually 
working together. The following wording was used in this “perception” 
version: 

“Now I would like you to make an assessment of relations between 
political parties with seats in parliament. For each pair of parties that 
I am going to read, to what degree do you think that these parties 
work together in parliament when setting the agenda, making laws, 
etc.? Do they closely work together, somewhat work together, or do 
not work together?” 

Response categories to the perception question were 0-do not work 
together, 1-somewhat work together, and 2-closely work together. 

In total, each respondent was asked to assess 15 dyadic relations 
between the six political parties mentioned earlier. We binarized the 
cognitive political networks (CPNs) for each respondent by merging 
partial and full approval (and working together) answer categories. 
Answers to these questions can be treated as an edge list to construct a 
non-directional 6 × 6 binary graph, a CPN for each respondent. Fig. 1 
visualizes two CPNs based on our data. The nodes are the six political 
parties represented in the Turkish parliament and the links are re-
spondents’ approval of cooperative relations between political parties. 

Fig. 2 presents frequency of ties for each of the 15 dyads. The dis-
tribution of frequencies closely resemble the actual formal alliances that 
were formed ahead of the 2018 elections. For example, the majority of 
respondents perceive or prefer a tie between AKP and MHP, two right- 
wing parties that have been aligned with each other on many policy 
positions and reform proposals since the April 2017 constitutional ref-
erendum. In contrast, the Turkish nationalist MHP and the left-wing, 
pro-Kurdish HDP have antagonistic relations, and in line with this 
very few respondents perceive or prefer cooperative relations between 
these two parties. 

5. Network measures using cognitive political networks 

After each individual’s CPN is generated, it is possible to calculate 
several global and local network measures, such as density, connect-
edness, E/I index, and ego-net degree centrality. The density measure 
shows connectedness of a network and is computed by taking the ratio of 
existing ties to the number of possible ties. For undirected binary net-
works, density is given by 

2E
V(V − 1)

where E is the number of edges, and V the number of nodes or political 
parties. Higher density scores within CPNs indicate perceptions of more 
cooperative relations among political parties. In Fig. 1, Respondent 1’s 
density is 0.40 whereas Respondent 2’s density is 0.33. 

Density is a straightforward measure that shows how connected the 
network is based on the number of relations. However, it does not 
convey much information about the configuration of ties. Two networks 
with an equal number of ties may have very different structural prop-
erties based on how ties are distributed. For example, two networks with 
the same density scores can have different components (number of 
connected subgraphs and isolates). In our dataset, 75% of CPNs have 
two or more components, indicating that many CPNs with similar den-
sities are likely to have different fragmentation levels. To account for the 
level of reachability among nodes in the data, connectedness can be 
calculated for each CPN. Connectedness measures the proportion of 
dyads that can reach each other regardless of the path length (Krack-
hardt, 1994) and is computed as 

1 −
V

N(N − 1)/2  

where V is the number of pair of nodes that are not mutually reachable, 

and N is the size of the network. When a network consists of isolates 
only, connectedness is 0, and when there is a single component in the 
network, connectedness equals 1. In Fig. 1, despite different densities, 
both CPNs are fully connected and have connectedness score of 1. 

The E/I Index is also a global measure and indicates the level of 
homophily in a network, ranging between − 1 and +1 (Krackhardt and 
Stern, 1988). Values closer to − 1 denote that network ties are dominated 
by in-group ties (homophily), and values closer to 1 show presence of 
heterophily, that is, extensiveness of out-group ties. The E/I index is 
calculated as 

ET − IT
ET + IT  

with ET being the number of ties across groups and IT the number of ties 
within a same group. In order to calculate this measure for each re-
spondent’s CPS, we first generate groups based on formal alliances be-
tween political parties for the 2018 Parliamentary elections in Turkey. 
As described earlier, the AKP and MHP entered this election under the 
People’s Alliance and the CHP, IYI, and SP under Nation Alliance. The 
pro-Kurdish HDP was not part of any alliance. While computing the E/I 
index for each respondent’s CPN, any tie within an alliance is considered 
an internal tie, and any tie between alliances or between HDP and any 
other political party is treated as an external tie. Even tough the E/I 
index is sensitive to group sizes, we did not normalize this measure since 
the main purpose is to make comparisons across individuals. In Fig. 1, 
Respondent 1’s E/I score is 0.42 whereas Respondent 2’s is − 0.20. This 
indicates that Respondent 1 prefers more cooperation between political 
parties across formal alliances compared to Respondent 2. 

Egonet degree centrality is a local measure and denotes the extent to 
which a node is connected to all other nodes. For undirected networks 
with V nodes, the degree centrality for a given actor is the sum of direct 
ties to the (V − 1) other nodes. In our data, each respondent’s CPN has 
six nodes (political parties); therefore, egonet degree centralities range 
from 0 to 5. Egonet degree centralities are calculated based on re-
spondents’ party identification. We first determine the political party 
that a respondent feels closest to based on a survey question. Next, we 
count the number of ties from that political party to others in that re-
spondent’s CPN. Assuming that both respondents in Fig. 1 are HDP 
voters, their egonet degree centrality measures are 2 and 1, respectively. 

For all four network measures, we compared perceived and preferred 
networks as displayed in Fig. 3. Preferred networks have higher density 
(dprefer = 0.40, and dperceive = 0.31, t = 5.13), are more connected 
(conprefer = 0.55, and conperceive = 0.48, t = 2.93 are much less homo-
philic (E/Iprefer = − 0.40, and E/Iperceive = − 0.58, t = 7.1), and egonet 
centrality is higher on average when compared with perceived networks 
(egoprefer = 1.53, and egoperceive = 0.98,t = 6.28). These findings indicate 
that citizens are inclined towards more cooperative behavior among 
political parties when compared with perceived cooperation. All four 
network measures convey a similar and previously undetected public 
opinion towards the structure of relations among the political parties (or 
polarization): individuals seem to prefer more cooperative relations 
between political parties than how they perceive these relations. 

To further investigate the structural differences between perceived 
and preferred networks, we identified and compared the consensus 
structures of both groups. Cultural consensus model (CCM) is an infor-
mation aggregating approach developed by quantitative anthropologists 
(Romney et al., 1986, 1987). CCM is commonly used to reveal patterns 
of agreement and estimate representation of shared knowledge among a 
group of informants (Romney et al., 1986, 1987). In social network 
studies, CCM identifies the shared structure using responses from the 
members of a bounded network. Compared with other aggregation 
techniques, the strength of CCM is its consideration of the variation in 
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accuracy of respondents while determining the edges in a network. The 
algorithm used in the analysis estimates the network structure and ac-
curacy scores for respondents using an iterative proportional fitting 
procedure.4 It determines the edges in the consensus structure to 
maximize the probability of obtaining the pattern of responses from the 
observed data. 

Fig. 4 displays the structure of perceived and preferred networks that 
are estimated using CCM. Regular lines between parties indicate ties that 
are present both in perceived and preferred networks. The dotted lines 
denote ties that are unique to the displayed network. For example, all 
relations in the perceived network also exist in the preferred network, 
except the tie between SP and CHP. 

The distribution of agreement scores for the perceived network 
structure indicate the presence of a shared cognitive model of observed 
relations among political parties (mean = 0.5, sd = 0.02). However, the 
distribution of agreement scores for preference networks indicates sig-
nificant variation in the structure of preferred networks (mean = 0.3, 
sd = 0.01, see appendix for distributions). Additional consensus analysis 
of preferred networks based on partisanship did not signify shared 

structures of preferred networks due to low agreement among in-
dividuals that identify with the same political party. When we estimated 
the consensus structure of perception networks for the two major 
parties, AKP and CHP, we found high consensus for both networks in the 
parliament. The slight difference between these two consensus struc-
tures corresponds to important debates in Turkish politics5 

The consensus among respondents regarding the structure of the 
perceived network suggests that when individuals are asked how they 
perceive the relations among political parties, they are likely to have 
similar reference points. In contrast, lack of consensus on preferred re-
lations indicates a more complex set of references that vary significantly 
across individuals regardless of their political affiliation. 

Fig. 1. Cognitive political networks of 2 respondents.  

Fig. 2. Frequency of ties per dyad.  

4 romney.batchelder function in R package sna, (Butts, 2010). 

5 Both structures are the same except for one critical tie between CHP and 
HDP. Even though CHP is not in a formal alliance with the pro-Kurdish HDP, 
the AKP leadership consistently frames the two parties as allies (to draw 
Turkish nationalist voters away from the CHP). In contrast, many(Turkish) 
nationalist voters of the CHP are distant to the Kurdish political movement and 
hence do not perceive a tie between their party and the HDP. Therefore, the 
slightly different perception structure of AKP and CHP supporters can be 
explained by Turkey’s inter-party politics. See Appendix for more details. 
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To examine the possible reference sources of the perception net-
works, we compared the consensus structure of perception networks 
with some direct measures of relations between political parties. When 
respondents are asked about their observations of relations between 

parties, they are likely to consider political networks’ actual structure. 
Raw data matrices for the following networks are provided in the 
appendix. 

Electoral Alliance Network. A straightforward measure of actual ties 
among political parties can be constructed based on formal electoral 
alliances that were formed for the 2018 Parliamentary elections. It is 
important to note that the alliance between opposition parties CHP-SP- 
IYI was not based on political ideology but mainly due to the need to 
work together to become a competitive alliance against the AKP-MHP 
bloc (Sozen, 2019). These alliances were visible to the public since 
election campaigns often used images of leaders together in campaign 
materials. In this binary network, a tie is present between political 
parties if they were in the same electoral alliance. 

Legislative Network. Different types of legislative networks among 
parliamentary members are commonly used to measure party polari-
zation. Some examples of these relations include co-sponsoring bills, 
voting similarity on bills, joint membership in committees, and co- 
organizing press events (Neal, 2020). These approaches are not appli-
cable to the Turkish context for two main reasons. First of all, voting in 
the Turkish parliament is not based on a roll-call vote system, and there 
is no written record of the voting history of the parliament’s members. 
Secondly, it is a rare occurrence in Turkish politics for legislators to act 
independently of their political parties. Turkish political parties are 
characterized by strong leadership, high party discipline and cohesion, 
and weak intra-party democracy (Carkoglu, 1998; Rubin and Heper, 
2002). Therefore members of the same political party tend to vote in the 
same direction. 

Consequently, developing measures of polarization at the legislator 
level is not very appropriate for the Turkish parliament. An alternative 
measure of legislative networks can be constructed at the political party 
level based on how parties vote as a group. However, the written records 
of political party votes are also not available. During open voting ses-
sions, the speaker of the parliament is provided with a digital count of 
yes and no votes. Despite the lack of a written record of how parties vote, 
it is easy to observe the direction of political parties’ votes during the 
open voting sessions since members of political parties are seated 
together as a group. Especially during high-profile voting events for 
which public interest is considerable, media outlets extensively report 
on the direction of votes for each political party. 

To develop a proxy measure of legislative networks, we used 10 cases 
of parliamentary voting right after the elections for which newspapers 
provided comprehensive reporting. This measure is based on a weighted 
network in which ties between parties represent the number of times 
they voted similarly. 

Policy Distance. When individuals consider relations between politi-
cal parties, one of the reference points is the parties’ policy positions on 
salient issue areas (Fiorina and Abrams, 2008). When two parties are 
similar on a policy issue, individuals are more likely to see those parties 
close to each other. It is possible to measure Turkish political parties’ 

Fig. 3. Network measures and perceived vs. preferred CPNs.  

Fig. 4. Consensus structure – perceived vs. preferred networks.  
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similarity of policy positions using data from Comparative Manifesto 
Project (https://manifesto-project.wzb.eu). This project collects and 
codes manifestos of major political parties in a country and assigns 
policy position scores based on the number of statements in the mani-
festos. For our example, we used the aggregate measure for Turkish 
political parties’ policy positions on 26 issue areas that cover economy, 
military, foreign affairs, freedoms and democracy, and welfare. The 
input matrix is a distance matrix between political parties policy scores. 
Smaller distances in this matrix indicate the similarity of the two parties’ 
based on 26 policy positions (See Appendix for details). 

We used Quadratic Assignment Procedure (QAP) analysis to calcu-
late the correlation between perceieved cognitive political networks and 
electoral alliance network, legislative network, and policy distance 
network. The Number of permutations is 750, the highest possible 
number due to the size of the input matrices. Table 1 shows correlations 
between networks based on QAP analysis. 

The perception structure is positively and significantly associated 
with both electoral alliance and legislative networks. The distance be-
tween political parties on policy positions does not seem related to how 
individuals perceive ties among political parties. These results indicate 
that individuals’ perceptions of ties among political parties very much 
depends on their observation of actual ties. Similarity of party positions 
on important policy issues does not seem to relate to these observations. 
This finding is aligned with dynamics of Turkish politics since political 
ideology plays a limited role in the formation of cooperative ties among 
parties and election targets, and electoral thresholds may bring together 
ideologically distant political parties (e.g., Islamist SP, secular left-wing 
CHP, and nationalist IYI forming an electoral alliance in 2018). 

Overall, these findings suggest that individuals consider different 
mechanisms of association in perception and preference networks. The 
structure of actual relations between parties seems to be observed well 
by the citizens. In terms of preference networks, there is no shared 
cognitive model of CPNs. Our findings also confirm the scholarship 
showing a strong association between elite and mass polarization (e.g., 
Druckman et al., 2013). 

Since our substantive application of CPNs in this paper is on 
perceived party polarization, in the following analyses we focus on the 
second group of respondents only, that is, those who were asked to 
indicate their perception of a tie between party dyads. The classic 
definition of party polarization is the distance between political parties 
(Sartori, 1976), and the public’s perception of the distances between 
political parties is a commonly used to measure mass polarization (Lupu, 
2015). 

6. Cognitive political networks and political ideology scale 

While there are different approaches to conceptualize perceived 
party polarization (Hetherington, 2009; Iyengar et al., 2019), most 
measurements rely on survey respondents’ positioning of political 
parties on the Left-Right political ideology scale (Dalton, 2008). Typi-
cally, respondents are told that sometimes people talk of left and right in 
politics, and asked to place each party on a 1–10 scale with 1 being the 
most left and 10 most right positions. An example measure of polari-
zation might categorize parties as right-wing and left-wing, and calcu-
late the distance between the average party positions in each category. 
For this study we calculated perceived party polarization based on the 

Left-Right political ideology scale question in the survey using the 
following formula (Moral, 2017): 

PR − PL  

where PR is the perceived political ideology of the parties to the right of 
the center (6 and larger), and PL the average political ideology of the 
parties to the left of the center (5 or smaller). 

Fig. 5 displays the correlations between the polarization score based 
on L-R political ideology scale and network measures derived from 
cognitive political networks. Density and connectedness are strongly 
correlated with each other. This is expected since connectedness is 
inevitably high in dense networks (Anderson et al., 1999). Correlations 
among other network measures are moderately correlated with each 
other. However, perceived party polarization score based on political 
ideology scale and network measures have no discernible association. 

Going beyond different ways of measuring perceived party polari-
zation based on political ideology scale, a more direct comparison is also 
possible. If this commonly used L-R scale and cognitive political net-
works were to measure similar abstract constructs, we should see some 
association between the absence or presence for a particular party dyad 
and the absolute distance between them in the L-R scale. In order to 
examine this association, we ran some regressions. In our analyses we 
take the presence of a tie as a binary dependent variable and aim to 
explain variation therein. Overall we ran 15 regressions, one per each 
party dyad. Fig. 6 summarizes these models. The explanatory variables 
include the perceived distance between the parties on the L-R ideolog-
ical scale, leaders’ favorability ratings, ideological self-positioning, and 
demographics. We find that an individual’s perception for a cooperative 
relation between a party dyad is not satisfactorily explained by these 
considerations.6 The perceived distance between political parties on the 
L-R scale explains tie presence in only four of the 15 party dyads. 

These results highlight that there is more than ideological consid-
erations in voters’ perceptions of cooperative relations between party 
dyads. In the current application of our approach, the complexity of 
party relations seems to play an important role in formation of people’s 
perceptions of cooperative ties. In particular, in the Turkish context we 
observe ideologically similar parties (e.g., MHP and IYI Party are both 
nationalist, right-wing parties) on opposing electoral alliances and 
ideologically distant parties (e.g., CHP as a left-wing, secular party and 
SP as a right-wing, Islamist party) within the same electoral alliance. 
Therefore, ideology alone cannot predict voters’ perceptions of coop-
erative relations between parties and our CPN approach does not impose 
any conditions when generating the structural representation of party 
relations. 

An illustration of the inadequacy of relying on the L-R scale to un-
derstand individuals’ views on relationship between parties is presented 
in Fig. 7. As expected, we see that the proportion of individuals who see 
a tie between a party dyad, that is who prefer the two parties in the dyad 
working together, decreases as the perceived ideological distance be-
tween the parties increase. But there are still a considerable number of 
individuals who perceives close working relations between two parties 
while at the same time placing them distantly on the L-R ideological 
scale. Individuals may recognize or perceive distance between political 
parties with regards to political ideology but also perceive cooperative 
relations. 

7. Conclusion 

There is a growing literature at the intersection of sociology and 
organizational sciences that highlights how individuals’ perceptions and 

Table 1 
Perception network and true networks.   

Perceive Electoral Legislative Policy distance 

Perceive  0.659** 0.727** − 0.41  
Electoral   0.578** − 0.40  
Legislative    − 0.62**  

***p < 0.01, **p < 0.05. 

6 Full regression results are presented in the supplementary appendix. 
Bayesian analyses generated substantially similar results with Fig. 6. These 
results are also available in the supplementary appendix. 
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representations of their surrounding social structures have behavioral 
consequences. We showed that such an approach, which we call 
cognitive political networks, may be easily applied to survey studies in 
political science and may be useful for the study of important political 

phenomenon such as polarization. Our analyses based on an election 
survey conducted in Turkey showed that a relation between the 
commonly used polarization measure, the Left-Right ideology scale, and 
presence of a tie between political party dyads in the cognitive political 

Fig. 5. Correlation matrix: density, E/I index, egonet centrality, connectedness and perceived party polarization based on political ideology scale.  

Fig. 6. Odds ratios, 95% CIs for L-R distance between party dyads.  
Fig. 7. Distance between party dyads in the L-R ideological scale and presence 
of ties. 
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networks is present only for certain dyads. Our findings suggest that 
imposing a criterion based on single dimension when survey re-
spondents assess the relations between political parties may be a limited 
approach. We do not fully comprehend the complex decision making 
processes involved in individuals’ perception of structure of distance/ 
relations between political parties. Therefore, cognitive political 
network approach may be a flexible and direct alternative for studying 
political behavior such as perceived political party polarization. Our 
approach is especially suitable for multiparty systems like the European 
context in which the average number of political parties after adjusting 
for the number of seats in parliaments is 4.5 (Bértoa, 2021; Laakso and 
Taagepera, 1979). 

The CPN approach permits the use of other network analytic tech-
niques to survey studies as well. Here we presented one application of 
such techniques to the study of polarization, which is inherently a 
relational phenomenon. In addition to the traditional ego network 
analysis techniques as used in the General Social Survey, for example, 
more recent techniques for modeling egocentrically sampled networks 
based on exponential random graph models (ERGMs) can also be 
employed to analyze the structural properties of CPNs. Moreover, CPNs 
can be easily aggregated into simple network measures such as density, 
E/I index, or egonet degree centrality, connectedness and these mea-
sures may be considered as a single score for each country-year in cross- 
national analyses. Thus, the potential applications of CPNs in political 
science go well beyond the specific approach presented here. Future 
research may combine BNA and CPN approaches to develop sophisti-
cated measures of polarization that consider both policy positions and 
political parties. 
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Aytaç, S.E., Çarkoğlu, A., 2019. Ethnicity and religiosity-based prejudice in Turkey: 
evidence from a survey experiment. Int. Polit. Sci. Rev. 40 (1), 58–72. 
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