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Introduction
The transition of the global economy to a service-driven model has resulted in services 
playing a crucial role in economic growth, as well as corporate and personal well-being 
and consumption patterns (Evans and Gawer 2016; Vallas and Schor 2020). This shift 
has been further accelerated by technological advancements and innovative business 
models that enable consumers to access service-related transactions without requir-
ing ownership or long-term commitment (Weidenstedt et  al. 2023). As a result, labor 
markets are witnessing the rise of short-term and flexible work arrangements mediated 
by online platforms (Woodcock and Graham 2019). Specifically, food-delivery couriers 
in the “gig economy” perform tasks that are often geographically dispersed and require 
mobility and coordination. However, the social networks of these workers are primar-
ily hidden and inaccessible, as they rely on offline interactions and lack traceable digi-
tal footprints. Moreover, these workers have significant idle time while logged in to the 
platform, waiting for new deliveries demand or resting between deliveries. During this 
idle time, offline interactions and information exchange with other couriers are highly 
likely to occur, forming and strengthening their social ties. By understanding the social 
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networks of gig economy workers, valuable insights can be obtained for both workers 
and platforms, such as how they spread innovations, coordinate behaviors, and their 
well-being (Perren and Kozinets 2018). This study proposes to use anonymized data on 
couriers’ co-location patterns to investigate their informal social network.

Gig economy workers are often invisible to traditional labor data sources, as their 
work is mediated by online platforms that may obscure their activities and interactions 
(Cherry 2016; Weidenstedt et  al. 2023). While analyzing labor patterns requires clear 
and objective data so that statistical measurements can be effectively performed, tradi-
tional approaches will be of little benefit if the elements contributing to professional suc-
cess cannot be correctly quantified. The literature on gig economy workers is primarily 
theoretical or based on small sample surveys (Md Fadzil and Che Azmi 2022; Yeganeh 
2021; Weidenstedt et al. 2023; Wood et al. 2019). Therefore, network theory can provide 
a more comprehensive understanding of the gig economy labor market by analyzing the 
complex interactions and relationships between them. Since the platforms-as-market 
are important economic organizations inside the service-driven economy and social net-
works may co-exist with this business type, analyzing the network structure inside these 
organizations makes it possible to understand how it shapes the gig economy workforce 
and impacts its success. Nevertheless, the literature affirms that social structures may be 
inferred from user interactions on a network rather than from explicitly declared rela-
tionships (Tubaro 2021). Still, it will lead to a low signal-to-noise ratio (Gupte and Eli-
assi-Rad 2012). One alternative is to look for proxies that can help us infer the existence 
of such relationships. In that sense, the co-location of individuals in space and time has 
been a popular approach to inferring social networks (Njoo et al. 2018; Hsieh et al. 2015; 
Lu et al. 2022; Njoo et al. 2017; Pi et al. 2018). Such an approach enables the capture of 
relationships at large between individuals without relying on subjective surveys or self-
reports (Lu et al. 2022). Previous works have shown that the co-location of individuals 
(i.e., their simultaneous presence in the same location) can indicate the existence of a 
social relationship, as friends tend to visit similar places and meet face-to-face (Cran-
dall et al. 2010; Psorakis et al. 2012; Hsieh et al. 2015). Hence, allows studying related 
phenomena such as the spread of social influence and contagion, which also take spa-
tial proximity as the conduit of social influence, competition, normative legitimization 
(experience and enforce norms), and social learning (Iyengar et al. 2011). The core chal-
lenge in inferring a network from co-location patterns is to identify appropriate controls 
to distinguish between coincidental and recurrent ties when dealing with measures such 
as frequency, correlation, similarity, probability, or importance (Njoo et al. 2018).

Here, we use methods from network analysis to study informal social networks 
inferred from the co-location patterns of couriers from a popular food delivery platform 
in Brazil. In that sense, we provide a new perspective to understand the gig economy and 
the underlying social organization of gig workers, expanding on past works on the same 
domain (Kinder et al. 2019; Huang et al. 2019) and contributing to deepening the knowl-
edge about this new economy. We compare the networks obtained from 15 different cit-
ies in Brazil, characterize their features, and show that the emergent features of these 
networks seemingly scale with population size. Finally, we show that the courier’s loca-
tion in such networks can constitute a valuable predictor of couriers’ performance when 
measured by income (as a proxy for performance) (Wood et  al. 2019). In particular, 
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couriers with a higher degree and betweenness centrality can obtain more income than 
the ones with the lowest centrality.

Data and methods
Data origin

We utilized data obtained from a prominent Brazilian online delivery mobile phone 
application in which registered users can order food and groceries from listed mer-
chants. Couriers, who have profiles on the platform, carry out the deliveries. Our study 
maps the informal social network of gig workers who operate through the platform 
(Pilatti et al. 2023) following the process described in Graphical Abstract—Fig. 1.

To achieve this goal, we collected telemetry data pertaining to the geo-locations of cou-
riers who worked in 15 cities across Brazil for 14 days in February 2022. This information 
is our original dataset and will be described below. The selected cities vary in population 
size and are located in different regions of Brazil. More information about cities can be 
found in Table 1. Furthermore, the chosen period was selected while considering condi-
tions such as weather, epidemic outbreaks, and political situations. Information about 
the couriers and their locations was anonymized to maintain confidentiality. It is impor-
tant to note that gig workers use the platform solely for work-related activities, and any 
interactions or activities outside the app are not available for analysis. For instance, con-
versations with other couriers on messaging apps and data from their mobile phones are 
not recorded or stored and therefore are not accessible for study.

Data treatment

Our original dataset (“raw data”) is composed of geo-located observations, each repre-
senting the geographic coordinates (latitude and longitude) of a courier location at each 
time (day, hour, minute, and second). These coordinates, rounded to the fifth decimal 
point, afford an accuracy of approximately one meter. The location data was reported 
on an average frequency of every fifteen seconds and collected via the couriers’ mobile 
application. This expansive data collection yielded a total of 65,405,061 recorded events.

For our analysis, we aggregated the observations into discrete, ten-minute temporal 
windows. This methodological choice was driven by our objective of accurately estimat-
ing informal social ties that may be inferred from courier co-location patterns. Con-
sequently, we implemented a series of measures designed to isolate events that likely 
corresponded to periods of courier inactivity, such as rest periods, meal breaks, or 
instances of waiting for new delivery requests.

To minimize the potential for false positives arising from transient co-location, 
we imposed a two-minute stationary threshold within the ten-minute window. This 

Fig. 1  Proposed framework to study couriers co-location and tie significance
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exclusion criterion discarded instances where couriers did not remain in a single loca-
tion for at least two minutes, effectively filtering out potential anomalies. Examples of 
such anomalies include scenarios where couriers momentarily shared a location due to 
traffic constraints, simultaneous stops at traffic signals, or collection/delivery of orders 
at identical addresses. This precautionary step enhanced the reliability of our findings, 
improving the logical rigor of our analytic process.

Moreover, to avoid noise from new couriers starting or leaving their activities through 
the application during the 14 days of analysis, only couriers that remained operative 
during the 14 days before or after the studied period were considered. By being opera-
tive, we considered at least one order delivered in the period. This way, the final dataset 
that was used in the study is composed only of operative couriers that have met other 
couriers during the time of the study, and it is composed of a unique courier identifica-
tion code, the time slot, and the geographic coordinate where this courier met others 
couriers.

Finally, courier locations were matched to obtain information on couriers’ temporal 
(day, hour, and minutes rounded in 10  min time slot) and spatial (geographic coordi-
nates up to the 5 decimal cases to get a precision of 1-meter radius) co-location. Note 
that at this stage, the only events we have concerned couriers that were stopped in a 
location at a given time. Figure  2 shows the geographical co-location of the couriers, 
while Fig. 3A is an illustrative example that summarizes how the data was cleaned and 
which information was kept in the final dataset. This dataset informs of 100,294 unique 
co-location events of 19,207 unique couriers, segmented across the 15 cities under study.

Courier–courier informal network

For each city under analysis, we construct an undirected and weighted network. Each 
node represents a courier, and each link indicates the number of co-location events 
observed between a pair of couriers in time and space. A link with a zero weight indi-
cates that such a pair of couriers were never observed to co-locate. The network was 
built on top of the final dataset presented earlier, using as a matching key the time slot 
and the geographic coordinate to combine the couriers in pairs or groups (i.e., if two 
rows of the final dataset had the same time slot and the same geographic coordinate, it 
means that both couriers were at the same place, at the same time, so, an edge between 
the two were build).

To estimate which ties exhibit a positive and statistically significant co-location pat-
tern, we use the φ-correlation method to estimate the strength of the relationship 
between couriers. We then control for events attributed to pure chance (Ronen et  al. 
2014; Candia et al. 2019; Kalgotra et al. 2020; Candia et al. 2022). We define φij as the φ
-correlation coefficient between a pair of couriers i and j, which can be computed as:

where the φ-correlation coefficient φij is computed using the number of observed co-
locations between i and j ( aij ), the number of events in which i appears ( ai ), and the 
total number of events observed (Z). Positive and negative values of φij indicate that 

(1)φij =
aijZ − aiaj

aiaj(Z − ai)(Z − aj)
,
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Fig. 2  Co-location mining process. Panel a, b and c represent the heat map of co-location positions of the 
drivers in cities of different sizes, with red implying a greater number of observations. The underlying map of 
the cities has been omitted to maintain the cities anonymous
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Table 1  Summary of the cities used in the study

Population refers to the total resident population of the city, coverage is the population coverage by the mobile phone 
application service. Area is the urban area of the city in km2 (IBGE 2019). Region is the geographical region that groups 
several states. Couriers are the total quantity of active couriers in the city (with at least 1 order in the 14 days prior to or after 
the studied period). Distinct co-locations are the total count of unique latitude and longitude places where we have at least 
one co-location. Events are the total number of considered events after the data cleaning process. The chosen cities have a 
mean population density of 5176± 2402 residents per km2

City Population Population 
coverage (%)

Area (km2) Region Couriers Distinct 
co-locations

Events

C2 2530701 87.4 274.0 Southeast 6278 41196 220630

C3 1963726 85.6 336.5 South 5102 18339 81906

C1 2703391 87.3 253.7 Northeast 18257 9843 41008

C4 1223237 73.4 245.1 Southeast 9659 11366 61508

C6 695328 76.3 134.9 Southeast 3312 5014 21296

C8 580870 80.7 129.4 South 702 6733 32258

C9 737310 60.9 128.9 Southeast 2233 7364 32862

C7 623614 75.3 160.6 Central West 1314 7575 26736

C5 871126 74.8 172.3 North 2625 5061 29286

C13 260690 73.6 74.4 Southeast 396 1628 6552

C12 282164 78.9 49.9 Southeast 476 1710 10098

C10 417478 79.4 73.5 Southeast 1751 1952 15748

C11 343643 70.8 77.5 Northeast 465 1456 10044

C14 95320 9.0 32.5 South 16 105 236

C15 11507 54.9 26.9 North 35 139 1248

Fig. 3  Illustration of the steps employed in the preprocessing of the co-location data. Panel a represents a 
hypothetical scenario with 3 couriers (blue, white, and orange) that have a co-location at 06:26 pm, where 
just the events from couriers white and orange are filtered to create the network. Panel b displays the same 
network prior to and after filtering according to the steps described for city C9. The color represents the 
normalized betweenness centrality, and the size of the nodes is proportional to the degree of centrality
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increasing observations lead to an increase or decrease in the number of co-locations 
between the two couriers, respectively.

We also filter links whose φ-correlation can be explained by pure chance alone. We 
generate a null distribution by bootstrapping the original network in each city to obtain 
an ensemble of L = 1000 randomly generated networks (Davidson 2007; Hardy and 
Mueser 2017; Snijders and Borgatti 1999). Each random network is generated by shuf-
fling co-location events between pairs of couriers while maintaining the number of 
events associated with each courier (Guillaume and Latapy 2006).

In this manner, the process assumes that all generated networks are independent and 
identically distributed to the original network. For each randomization l, we calculate 
φ̃l
ij associated with each courier pair, and the ensemble of such values form the null dis-

tribution �̃ij : {φ̃1ij, φ̃2
ij , . . . , φ̃

L
ij} . Using statistical inference methods (Gotelli 2000), we 

estimate the p-value of φij by calculating the upper tail probability of obtaining a value 
equal to or greater than φij from the cumulative frequency of the null distribution �̃ij . 
We discard links with a significance threshold of p value > 0.05.

Due to these steps, between 64 and 86% of edges and between 23% and 47% of nodes 
have been discarded from the original unfiltered networks. Figure   3B illustrates and 
summarizes the above-described steps and shows the network of courier co-locations 
obtained from city C9.

Results and discussion
We start by comparing the networks from the different cities. In particular, how the 
characteristics of these networks depend on the city size measured by the population 
covered by the service. Looking into cities of different dimensions and properties pro-
vides an opportunity to understand to which extent the scale of a city dictates the emer-
gence of social networks with similar topological features. We focus our analysis on the 
giant component of each network.

Although these two cities are considerably smaller in size and population coverage, 
they provide observations at the lower-end of the population size range. In particular, 
they might indicate the existence of a critical city size above which courier networks 
emerge and become functional and below which they are absent. An idea that we believe 
can be worth future empirical or theoretical work (Table 2).

Also, in Fig. 4, we show the scaling relationship D(k) ≈ kα , pointing to the possible 
heavy-tail degree distribution and an increasing degree heterogeneous character of the 
networks with increasing population size. There is no apparent convergence to a particu-
lar scaling coefficient with population size. Instead, we see a steady decrease approach-
ing α = −2.0 , but all observations remain below that threshold.

Then, we look at the existence of other scaling relationships as a function of the size 
of the covered population. We show that, as expected, the average degree (Fig. 5A), 
maximum degree (Fig. 5D), and degree variance (Fig. 5B) grow with the population 
size. Moreover, larger cities lead to networks that are sparser (Fig. 5I) but also with 
a longer diameter (Fig. 5C) and greater average path length (Fig. 5E). In contrast, the 
clustering coefficient (Fig. 5F) is relatively stable, with an average of 0.20± 0.1 and a 
low R 2 . Finally, we also note that the modularity (Fig. 5G) of these networks increases 
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with population size, the same happens the degree-degree correlations (Fig. 5H) even 
though these remain relatively low.

The relatively high levels of modularity (mean of 0.63± 0.27 ) can raise interesting 
questions. One is that these networks can be modulated by the fact that local cities 

Table 2  Summary of the statistics of the Giant Component of the couriers’ informal social networks 
inferred from the co-location events

N is the total number of nodes, E is the total number of edges, 〈k〉 is the average degree, σ 2 is the variance of the degree, 
kmax is the maximum degree, CC is the cluster coefficient, APL is the average path length, ρ is the assortativity mixing, Diam 
is the diameter and M is the modularity

City N E 〈k〉 σ
2 kmax CC APL ρ Diam M

C2 3735 14484 7.76 77.53 55 0.27 5.73 0.36 16 0.84

C3 1868 5138 5.50 37.48 36 0.22 6.65 0.35 16 0.86

C1 1279 2679 4.19 19.28 33 0.16 6.42 0.32 16 0.81

C4 1071 3152 5.89 41.22 45 0.28 5.72 0.4 15 0.82

C9 714 1929 5.40 23.20 27 0.25 4.94 0.19 12 0.78

C8 680 1746 5.14 26.40 35 0.18 4.93 0.18 15 0.73

C6 651 1329 4.08 17.25 23 0.14 5.50 0.27 12 0.78

C7 490 1270 5.18 21.66 29 0.26 4.95 0.2 13 0.76

C5 437 1382 6.32 30.53 27 0.27 4.21 0.09 11 0.71

C12 164 361 4.40 13.26 19 0.23 4.62 0.23 13 0.66

C10 147 306 4.16 11.57 15 0.24 3.86 0.16 9 0.59

C13 138 199 2.88 4.63 11 0.13 4.78 0.07 10 0.70

C11 120 275 4.58 11.25 15 0.18 3.79 0.01 10 0.57

C14 8 5 1.25 0.18 2 0 1.33 − 0.67 2 0.64

C15 7 4 1.14 0.12 2 0 1.33 − 0.33 2 0.62

Fig. 4  Comparison of the Degree Distributions between the 15 cities of study. In blue is the degree 
distribution of the original co-location-based social networks. In orange, the degree distribution of the 
treated networks, filtered according to the steps discussed in the main text. The dashed line represents the 
best fit OLS linear model, and the domain of the line indicates the domain used for fitting the curve, which 
was truncated to remove the effect of the cut-off that is, in some cases, clearly visible
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reached their carrying capacity on the number of couriers necessary to perform the 
deliveries, resulting in the segregation of the couriers in different areas of the city 
and, thus, the specialization of couriers in specific locations. In other words, groups 
of couriers form compact communities that specialize in localized regions in the city 
and serve specific vendors (i.e., restaurants). This can be seen in Fig. 6, which shows 
the lack of overlap between different communities and the occupation frequency per 
location. A consequence of this finding is that such modularity and formation of com-
munities can lead to cartel behavior between couriers and challenging for new couri-
ers to operate in certain areas. Risks that become more prevalent in larger cities. Note 
that, importantly, in this analysis, we contrast the preferred locations of the network 
communities formed by co-location events.

Overall, and although we study cities spanning population sizes as much as three 
orders of magnitude, we do not find consistent evidence that the social network of couri-
ers converges to a particular topology with stable features, as shown in Fig. 7. We find 

Fig. 5  Relationships between different network metrics and the population size of each city. Panels illustrate 
the results for the Average Degree (A), Log of the Variance of the degrees (B), diameter (C), Maximum degree 
(D), Average Path Length (E), Cluster Coefficient (F), Modularity (G), Assortativity Mixing (H), and Log Edge 
Density (I). Each red dot corresponds to observation for the cities C1 to C13, full lines correspond to the best 
OLS linear fit (R2 values are displayed), and dashed lines show the extrapolation to cover the range of two 
smallest cities (C14 and C15)
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structures with properties that scale alongside the city size and that fail to show the 
emergence of universal character. Instead, we show that these structures are possibly 
limited by the geographical activity patterns and organization/segmentation of couriers.

Going further, and as an example of the potential application of these networks, past 
works in social networks have shown a positive relation between node centrality and 
individual performance (Joksimović et  al. 2016; Zhao 2022; Freeman 2002). In that 
sense, Degree centrality is commonly interpreted as a measure of the popularity of indi-
viduals (Mullen et al. 1991); the Betweenness centrality focuses on quantifying the role 
of individuals as brokers of information between distinct components; and the Eigenvec-
tor centrality emphasizes the influence or prestige of an individual based on their con-
nections to other influential or high prestige individuals. In that sense, we look into the 
relationship between these three centrality measures with the income, as a performance 
proxy of couriers. Even though couriers can work long hours on the platform, there is no 

Fig. 6  Top panels show the locations in three cities—C3, C5, and C7—used in the co-location of couriers 
with colors showing the prevalence of couriers from different network communities in such locations. The 
bottom panels show the occupation matrices of communities (rows) per location (columns), showing a 
diagonal pattern indicating that communities do not often overlap between communities. Red indicates the 
high prevalence of a community in a location, white means no prevalence

Fig. 7  Panel A shows how the scaling of the degree distribution depends on the city population size. Panel 
B shows how the size of the largest connected component of the network scales with the city population 
size. Panel C shows how the size of the largest connected component scales with the number of operative 
couriers in each city. Each red dot corresponds to observation for the cities C1 to C13, full lines correspond to 
the best OLS linear fit (R2 values are displayed), and dashed lines show the extrapolation to cover the range of 
two smallest cities (C14 and C15)
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guarantee of income, and they need to be alert to choose a good place to wait for a deliv-
ery and choose wisely the time of the day they will work.

The top panels of Fig. 8 show the relationship between the above-described centrality 
measures and income. We identify a positive but small relationship between centrality 
and income. To statically validate this difference, we performed a one-way analysis of 
variance (ANOVA) to examine the differences in the degree centrality variable among 
the five categories (quintiles) of the independent variable for the filtered network.

The ANOVA results revealed that the independent variable had a significant effect 
on the degree centrality variable, F(4, 6800) = 37.27, p value < 0.001 . However, 
as the degree centrality variable was not normally distributed (Shapiro–Wilk test, 
W = 0.35, p value < 0.001 ) and the assumption of homogeneity of variances was vio-
lated (Levene test, F(4, 6800) = 17.98, p value < 0.001 ), we chose a non-parametric 
test as a more robust alternative. Moreover, under the Kruskal–Wallis H-test, a robust 
test is suitable for comparing the medians of a continuous dependent variable across 
multiple independent groups—comparing the medians of the degree centrality across 
the quintiles (Mishra et al. 2019). The Kruskal–Wallis H-test revealed a significant dif-
ference between groups, H(4) = 711.39, p value < 0.001 . To determine which pairs of 
quintiles were significantly different, we used a post hoc Dunn’s test with Holm correc-
tion (Pereira et  al. 2015). The median of the degree centrality was significantly higher 
in the second quintile than in the first, the third than in the second, the fourth than in 
the third, and finally, in the fifth than in the fourth, corroborating the literature findings 
where centrality and performance are positively associated.

Naturally, one can argue that such a positive relation between income and centrality 
can be due to the tenure of couriers. That is, older couriers had more time to choose the 
best waiting locations and thus achieve the most central positions in the social network. 

Fig. 8  Centrality measure according to income and tenure quintiles in filtered networks. Panel a shows the 
boxplots with the distribution of the betweenness centrality, eigenvector centrality, and degree centrality by 
income quintiles. In contrast, panel b shows the same centrality measures for tenure (time since first login in 
the delivery platform) quintiles
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However, that is not the case, as the bottom panels of Fig. 8 show no relationship trend. 
Moreover, the same test validation process with the income was also done with the ten-
ure (the time difference between the moment of the dataset retrieval and couriers’ reg-
istration on the platform). Although there is some statically significant difference in the 
median among the quintiles, it happens just for some o them, and there is no correlation 
between tenure and degree centrality, as can be visually inferred from Panel b of Fig. 8. 
We found that the positive difference between the first and the second and between the 
third and the fourth quintiles are significant, while the difference between the second 
and the third is not. Further, we can identify a slight decrease in degree centrality value 
while tenure increases.

Both income and tenure values were omitted due to data privacy.

Final remarks
In this manuscript, we explored the potential of mining a co-location dataset of couri-
ers collected from a food delivery platform in Brazil, comprised of 15 cities with differ-
ent characteristics. By matching the couriers using co-location and filtering the dataset 
based on the significance of the φ-correlation coefficient, we have inferred a courier-
courier network comprising 11,509 nodes and 34,295 unique edges. Furthermore, we 
differentiated coincidental co-locations from statistically significant relations in the loca-
tion-based social network using the co-location data generated from the telemetry of 
couriers’ mobile when working.

As practical implications of our findings, we can have two perspectives. On the one 
side, the courier’s perspective of building a network can add voice to this class, creat-
ing a natural labor market organization that can challenge any aspect of work exploita-
tion. In sum, the courier’s network can express organic forms of collaboration between 
themselves (Wood et  al. 2019). On the other side, from the delivery platform, it may 
be rich information highlighting the central players in the network, separating from the 
peripherical players, which could facilitate the communication between the platform 
and workers and improve actions such as retention of couriers (i.e., the central position 
of a courier enables him to obtain more significant support from their sibling). Also, by 
standard, the gig platforms do not provide tools to improve worker connections, inhibit-
ing an opportunity for workers to collaborate among themselves and lower the educa-
tion cost inherent to new couriers, reducing boundaries to the change of explicit and 
tacit knowledge. Identifying the network components with higher density may facilitate 
creating the courier profile and make it easier to detect deviant behaviors, such as fraud-
sters (Gao et al. 2019).

In summary, identifying gig workers’ networks and understanding the relationship 
between centrality and performance can provide valuable insights for gig economy 
companies. These insights can be further explored, and here is a not exhaustive list of 
applications of these insights: optimize task allocation by allocating order to higher 
performance—higher centrality—couriers, promote collaboration, identify influenc-
ers, target training, and development, enhance worker engagement, and monitor per-
formance. This can ultimately lead to a more efficient, satisfied, and high-performing 
workforce. Future research may address how these informal interactions highlighted 
in the co-location between couriers foster knowledge spread and the adoption of 
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best practices, which can impact their performance, controlling for variables such as 
online hours, delivery distance, and other features that can affect couriers’ behavior 
and location.

A limitation of this study is the lack of data at the courier level, which could have 
opened the door to a deeper exploration of the link between network features and 
individual performance or analytics. However, at the time of writing this manuscript, 
the platform did not liberate individual data, and as such, our results are preliminary 
and highlight potential interest for future research that is supported by the network 
analysis of the couriers’ informal network. Further research using other performance 
metrics (i.e., customer evaluation, orders delivery per online time, among others) at 
the couriers’ level can foster the knowledge about network formation and between-
ness centrality impact as well as create a better understanding of informal interac-
tions between couriers, fosters knowledge spread and the adoption of best practices, 
which can impact their performance and morale.

The φ-correlation coefficient only considers the similarity of interactions between two 
courier nodes without considering the specificity of the interactions. There are two main 
issues that it may cause. Firstly, the presence of location hubs may lead to artificially high 
levels of interaction profile similarity, as a large number of couriers may bind to a sin-
gle location hub, leading to an interaction that is not very informative. Secondly, not all 
locations where the couriers may meet each other are independent. It may also lead to 
excessive levels of interaction similarity. For example, the courier’s work time preference 
may lead to locations near restaurants with more probability of having an order for that 
time of the day (for example, meat at lunchtime and pizza during dinner). Also, using φ
-correlation and co-location data, we are unable to differentiate between friendship and 
knowledge-seeking connections in the network (Yuan et al. 2011).

The data may contain bias regarding the region and time it was captured since it 
was available only one time period for some cities inside the same country and for the 
same food delivery platform.

Lastly, it is possible to argue that individuals who work long hours often engage in 
more interactions and earn higher incomes. Centralities tend to exhibit correlations, 
meaning that a high degree of centrality may be associated with other factors influ-
encing income. While other factors may complicate this understanding (i.e., gig work 
income depends on market demand, task availability, operation patterns, skill level, 
efficiency, and compensation structure), analyzing these correlations in the present 
study was impossible. Further research may elaborate on these aspects and measure 
the influence of confounding factors

The process described in this article and the filtered networks form the boilerplate 
to study social influence and strategic diffusion dynamics across networks of collabo-
rators in services of the gig economy. It is worth noting that the gig economy workers 
have moved from a side job executed as an income complement to a full-time posi-
tion with a flexible schedule, which brings a rich amount of research opportunities 
to understand how it affects the performance and the network itself—a hypothesis 
is that two communities are created: a part-time and a full time. We hope this article 
sheds some light on these gig workers and that more research is conducted to deepen 
the knowledge about this new labor market.
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