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ARTICLE INFO ABSTRACT

JEL classification: Analyzing and predicting innovation in global cities, i.e. cities with a high degree of economic
C53 integration into the world economy, can help identify emerging technologies and inform
C45

investment decisions that facilitate talent attraction and urban planning. In this context, the

823 contribution of this paper is to analyze the technological complexity of global cities. We show
RSS how the combination of state-of-the-art network community detection and supervised machine

018 learning can support local innovation and development policies by predicting the future
competitiveness of global cities based on an up-to-date patent dataset. Network community

ﬁr{xﬁjﬂ detection with the Poisson stochastic block model is used as an unsupervised pre-processing
Urban studies step to find cities with similar innovation profiles and create homogeneous training sets
Technological change that improve predictive power, interpretability and computational efficiency in a subsequent
Artificial intelligence supervised learning task. The paper then compares the use of different supervised machine
Global cities learning methods to predict the future competitiveness of global cities. Tree-based methods turn

out to achieve better prediction performance than other supervised machine learning methods
on various metrics based on the ground truth derived from historical patent production. The
analytical method used in this paper can help policy makers identify technology sectors where
global cities could focus their future investments and provide information on the temporal
evolution of geographical patterns related to innovation.

1. Introduction

Since the publication of Michael Porter’s “The Competitive Advantage of Nations” (Porter, 1990), interest in what cities need to be
competitive has increased. With increasing competition between cities around the world for investment and talent, a large literature
shows that their competitiveness is important for the cross-fertilization of ideas (Florida et al., 2018; Verginer and Riccaboni, 2021;
Belderbos et al., 2022). Cities have long been recognized as the key drivers of innovation and prosperity (Bettencourt et al., 2007;
Balland et al., 2020): according to Li et al. (2017), cities are home to over 50% of the world’s population, more than 80% of the
world’s wealth and at least 90% of innovation. This is no surprise, as scientists and inventors live and work mainly in cities (Verginer
and Riccaboni, 2020, 2021; Belderbos et al., 2022). This phenomenon is particularly evident in global cities (i.e. cities highly
connected to the world economy), which attract a disproportionate amount of talent and investment (Bettencourt et al., 2007;
Chakravarty et al., 2021; Du et al., 2022).
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Innovation can be defined as the development of inventions that have gained broad social acceptance, generate increasing returns
and influence territorial development (Arthur, 1994). As emphasized in the literature on innovation economics (see Dosi (2023) for
a recent overview), technological progress has an evolutionary character in the sense that different efforts are made at each point in
time to advance technology, competing with each other and with prevailing practices. While inventions do not necessarily originate
in cities, the processes of innovation emergence and diffusion are closely intertwined with urban development (Raimbault and
Pumain, 2023). Innovations tend to be geographically concentrated in their early stages before they are imitated and diffused on
a larger scale (Audretsch and Feldman, 1996a). Innovation clusters indeed play an important role in local urban systems (Moreno
et al., 2006), as spatial proximity facilitates synergies, knowledge spillovers and the sustainability of innovations (Frenken et al.,
2007; Boschma and Iammarino, 2009). In recent decades, the scale of innovation processes has become more internationalized due
to the activities of multinational companies (Rozenblat and Pumain, 2007) and a more global reach of networks (Edet et al., 2021).

Various definitions of urban competitiveness have been proposed in the literature, although no single definition has yet prevailed
(see Kachniewska et al. (2018) for an overview and Martin and Simmie (2008) for a discussion of some approaches proposed in the
literature to provide a theoretical basis for urban competitiveness). This lack of common understanding is due to several factors. First
and foremost is the fact that modern urban landscapes challenge the antiquated concept of homogeneous, monolithic structures;
instead, they present themselves as diverse, multi-centered metropolitan regions. Recently, there has been a significant paradigm
shift from traditional, industrial chain systems to more dynamic, hardly predictable, and innovation-driven economic structures,
as described by Kamiya et al. (2020). Second, the competitiveness of a city results from a complex network of social interactions
that contribute to the economic vitality of the city. This includes a wide range of factors and innovations that not only shape but
also drive the socio-economic fabric of an urban center (Harris, 2007; Kachniewska et al., 2018; Belderbos et al., 2022). There is
also a lack of consensus on a global definition of cities and comparable statistics to measure the performance of global cities across
borders (OECD, 2020).

In this paper, we contribute to the growing literature on regional and urban complexity (Balland et al., 2019, 2020; Fritz and
Manduca, 2021; Mewes and Broekel, 2022; Straccamore et al., 2023; Buyukyazici et al., 2024) by developing a framework for
analyzing the innovative capacities of cities. Our approach is based on the classical Ricardian model of comparative advantage (Ri-
cardo, 1817), which is applied to a patent dataset to compare cities in terms of their innovative capacity. Such a model provides a
theoretical basis for quantifying the competitiveness of a location (i.e. a city) in a specific field of activity (e.g. industry, technology
or scientific domain) (Hidalgo, 2021). However, its typical application offers little guidance for predicting future competitiveness.
To address this gap, we combine a Ricardian measure of technological competitiveness with Machine Learning (ML) to develop an
approach for predicting the future competitiveness of global cities in specific technology sectors that takes into account the complex
higher-order relationships underlying technological change.

In the Ricardian tradition, a city is considered competitive in a given sector if it produces more than the global share in that
sector. This can be modeled using the Revealed Technological Advantage (RTA) matrix (Soete, 1987), which expresses the relative
technological capabilities of cities in specific technological fields derived from an analysis of their overall patent activities." More
precisely, the RTA value RT' 4;; € [0,+c0) of a city i in technology j is the city’s share of patents in that technology relative to the
global share. If RT A;; is greater than or equal to one, then the city is considered competitive in this technology. This means that
the signal for the city’s capabilities exceeds the baseline level and is significant enough for the city to be considered competitive.

Unraveling the linkage between the competitiveness of cities and their resource allocations and capabilities (Zhang et al., 2020)
is crucial to understanding why some cities are more competitive, productive, or resilient than others. In the past literature, most
analyses about the economic competitiveness of cities were geared towards finding explanatory variables for how countries, cities, or
firms acquire and increase capabilities in different products, technologies, and scientific domains, in such a way that their production
output exceeds their fair share (Sassen, 2001; Rigby, 2015; Balland et al., 2019). However, tracking or measuring such capabilities or
strategic choices can be hard as these are typically intangible (Straccamore et al., 2022). In this context, the literature on economic
complexity (Hausmann et al., 2014) provides useful insights on how to measure the current capabilities of cities or the capabilities
they need to become competitive in a particular sector, scientific or technological field.?

Economic complexity models rely on a fine-grained representation of economic activities and learn how to find a combination
of latent factors that explain economic activities in a location. This is based on the application of appropriate dimensionality
reduction techniques (e.g. to export, patenting and scientific activities and capabilities observed in different locations) (Hidalgo,
2021; Balland et al., 2022; Buyukyazici et al., 2024). The dimensionality reduction techniques used in this context are usually based
on matrix factorization (Hidalgo, 2021; Gnecco et al., 2022). Such techniques provide a concise way to summarize the economic
complexity of different locations. Indices of economic complexity based on an analog of the RTA matrix have been developed in
the literature (Hidalgo and Hausmann, 2009; Sciarra et al., 2020; Gnecco et al., 2022). They can be also applied to the case of the
RTA matrix,* e.g. with the aim of investigating the evolution of technological complexity of cities over time.* Patent data have been

1 In the context of competition between cities, the RTA matrix is the analog of the classical Revealed Comparative Advantage (RCA) matrix (Balassa, 1965),
which expresses the relative advantages of countries in specific classes of goods or services derived from an analysis of their total trade flows.

2 As is common in the literature (Tacchella et al., 2013), we assume here that more complex global cities are more competitive.

3 Or, more precisely, to its binarized version, or incidence matrix.

4 See Section 4 for related results. It is worth remarking that Lapatinas et al. (2022) recently applied one of these indices to study the economic complexity
of cities. However, their dataset has a different nature than the one used in the present work (as the data matrices considered therein relate every city with
its number of firms with global presence operating in each economic sector). Moreover, differently from the present work, that article is not focused on the
application of state-of-the-art ML methods to the prediction of elements of the RTA matrix, and more in general of the technological complexity of cities.
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used repeatedly in the economic complexity literature to analyze the competitiveness of different locations in the fields of science
and innovation (Cimini et al., 2014; Pugliese et al., 2016; Morrison et al., 2017; Pugliese et al., 2019).

Models of economic complexity usually capture the current capabilities of cities. However, it is also important to predict the
future technological competitiveness of cities. This can be achieved by using as a ground truth an RTA matrix for each time period
in which a prediction is made.

Various approaches in network science attempt to address the problem of competitiveness prediction based on the degree
of correlation between technologies (see, e.g. the so-called relatedness principle, as detailed by Hidalgo and Hausmann (2009)
and Zaccaria et al. (2014)). In this context, our paper enhances the concept of “counterfactual (or implied) comparative advantage”
by leveraging technological relatedness and advanced ML methods to predict and analyze cities’ technological competitiveness. In
the economic complexity framework, a city’s patent production in a technological area is inferred from its productivity in related
technologies and from the behavior of similar cities. More precisely, a standard Ricardian model, which assumes that the productivity
parameter of a city in a technological field is a realization of a random variable associated with a suitable probability distribution,
cannot explain the patterns of co-location of technological skills in cities or of the same innovations across cities. Indeed, a Ricardian
model is consistent with actual observations only if it assumes that innovations differ in their technological relatedness and that cities
tend to have similar productivity in technologically related products. Under these assumptions, a city will innovate with a similar
intensity as cities with comparable patterns of comparative advantage. In our work, we build on these assumptions by leveraging the
concept of technological relatedness using the RTA matrix, which reflects the technological competencies of cities. The incidence
matrix derived from the RTA matrix captures the relatedness between technologies. We further develop this concept by utilizing
a community detection algorithm to cluster cities in communities based on their technological competencies, ensuring that cities
within the same community have similar productivity patterns in related technological fields. Adopting this clustering method is
motivated by the assumption that cities with similar technological profiles will have similar productivity in related technologies.
Finally, our approach extends the economic complexity approach by incorporating advanced supervised ML techniques to predict
the future competitiveness of global cities in various technologies, by using models trained on historical incidence matrices, which
are then validated against actual data from five years later. This temporal validation ensures the robustness of our predictions
over time, making them reliable for future forecasts. Additionally, by computing various indices of the technological complexity
of global cities, we provide a clear and actionable ranking of global cities’ technological competitiveness. This ranking can inform
policy makers about strategic investment areas, thus extending the theoretical insights into practical applications.

It is worth remarking that, in the present work, we do not rely merely on the amount of correlation between any two different
technologies to estimate the density of competitive structures of cities in different technology sectors. Such correlation can be
estimated following, e.g. the product space approach (Hidalgo and Hausmann, 2009) or the taxonomy network approach (Zaccaria
et al., 2014). The idea is that correlations within the ecosystem of technologies provide information on which technology serves as
a gateway to patent in other technologies.® One point of criticism of this method of predicting competitiveness is that the assumed
correlation structure of the technologies does not consider the higher-order relationships between the technologies.® ML methods,
as part of Artificial Intelligence (AI) techniques, can be used to take more complex relationships into account (Tacchella et al.,
2023). By using ML, the predicted future RTA value of a city in a given technology can be modeled, for example, as a non-linear
function of appropriate features (e.g. the observed current RTA values of comparable cities in the same or analogous technologies).
To this end, we apply ML to economic complexity by using a combination of unsupervised and supervised ML methods to predict
the future technological capabilities of cities or the technological capabilities required to compete in a given technological field.
Policy implications of such predictions include identifying emerging technologies to make investment decisions that facilitate talent
attraction and retention by activating the technological edge in specific sectors; improving urban planning and infrastructure;
fostering collaboration with other selected cities to increase the competitiveness of a specific city; directing migration flows to
cities identified as having untapped potential, as this could accelerate their progress towards innovation and diversification; gaining
meaningful information on the evolution over time of geographical patterns related to innovation (e.g. focusing on trajectories of
suitable points representing barycenters of groups of global cities, weighted by their different innovation capabilities).

To summarize, the most important contributions of this work can be described as follows. The first contribution is the analysis
of the technological complexity of global cities. The analysis of the technological complexity of cities has so far been limited to
specific countries (Straccamore et al., 2022) due to the lack of comparable statistics at the global level. In this paper, we provide a
first insight into the evolution of international competitiveness of global cities in different technology areas. In this sense, the study
also contributes to the evolving literature on the geography of innovation by analyzing the spatial trajectories of innovation centers
over time using a centroid-based approach. Similar methods were explored by Maggioni and Uberti (2009), where the authors
examined shifts in innovation centers across Europe, providing a basis for the spatial econometric analysis of innovation clusters,

5 Combining the correlation matrix of technologies alongside the current competitive structure of cities can be used to estimate the density of cities’ competitive
structure around different technological areas. The lower the density of a city’s capabilities around a technology, the less likely the city will upgrade to or activate
that technology. In this case, the technologies the city is currently competitive in are likely distant from the given technological area. Then, one can evaluate
the accuracy of the estimated density against what one observes to be the actual density of the competitive structure by using different binary score measures.

6 For example, patenting an electric car might require capacity in electronics and mechanics, which implies the existence of a relationship among these three
entities (jointly). Evaluating this relationship simply by means of pairwise correlations means that the former would be represented, e.g. by the sum of the
correlation between production of electric cars and amount of expertise in electronics, and the correlation between production of electric cars and amount of
expertise in mechanics. Hence, the presence of a large enough correlation of either pair alone could lead to acknowledge the presence of a relationship that in
reality does not exist. This implies that describing the competitiveness development path of a city through a sum of correlations is an oversimplification.
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and by Sciarra et al. (2020), where trajectories of centroids of countries weighted by a generalized index of economic complexity
were analyzed.

A second contribution is the prediction of the future competitiveness of global cities in different technologies based on ML
methods. Two important policy implications of our methodology are the possible identification of specific technology sectors on
which each global city could effectively focus its future investments and the identification of other global cities with innovation
patterns that they should emulate to increase their own competitiveness.

The third contribution is the enhancement of the employed supervised ML algorithms’ performance through a suitable pre-
processing based on clustering (or network community detection). This unsupervised pre-processing aims to facilitate the application
of such algorithms by pre-selecting similar cities in the training set for the city under analysis. By training supervised ML models
only on relevant clusters, we aim to focus the predictions on comparable entities, thus avoiding irrelevant noise and improving
the predictive performance of these models. It is worth remarking that, while data clustering is commonly used in various fields to
study diversification,” as already mentioned, our focus is specifically on enhancing the predictive power of supervised ML methods.®
Finally, a majority voting matrix is introduced in our pre-processing to maintain the temporal consistency of community structures
over several years and thus make our methodology more robust.

The article is structured as follows. Section 2 defines revealed technological advantage as a measure of the competitiveness of
global cities and describes the data we use. Section 3 presents our methodological approach, starting with the pre-processing of
network community detection (Section 3.1), followed by the solution of a sequential supervised ML task (Section 3.2), for which
a description of the supervised ML method that turns out to be the best performer for different metrics is provided (Section 3.3).
Section 4 describes the results of our analysis, focusing first on the results of the supervised ML methods (Section 4.1), then on the
technological complexity results (Section 4.2), on their policy implications (Section 4.3), and on their interpretability (Section 4.4).
Section 5 concludes the paper with a discussion of possible future developments.

Details on the construction of the dataset used for our analysis of innovation in global cities are provided in Appendix A of
the Online Supplementary Material, whereas Appendices B and C of the Online Supplementary Material describe, respectively,
the network community detection method and the other supervised ML methods used in this work. Appendix D of the Online
Supplementary Material presents the results of a robustness check with two alternative pre-processing methods and no pre-
processing. Appendix E of the Online Supplementary Material deals with the Economic Complexity Index (ECI) and the GENeralized
Economic comPlexity (GENEPY) index. A comparison of our results with the Global City Power Index (GCPI) is provided in Appendix
F of the Online Supplementary Material. Appendix G of the Online Supplementary Material presents additional results on the
trajectories of centroids of sets of global cities. Finally, Appendix H of the Online Supplementary Material provides a feasibility
and attractiveness analysis of technological investments.

2. Data

In our analysis, we look at the technological competitiveness of 150 global cities selected from the results of the Globalization
and World Cities (GaWC) research project by Beaverstock et al. (1999). It is worth remarking that the term “global” here refers
to the degree of economic integration of a city with the global economy. This does not necessarily imply that the selected cities
cover uniformly the globe. In more detail, these cities were classified by the GaWC project as either alpha or beta cities based on
their economic connectivity to the global economy. More specifically, alpha cities are connected to several major economic regions,
while beta cities connect only moderate economic regions to the global economy. The selected cities are spread across Africa (6),
Asia (45), Europe (48), North America (34), Oceania (7) and South America (10). The analysis is conducted at the level of 638
classes of the 4-digit “International Patent Classification” (IPC), which classifies patents filed by inventors in such cities according
to the technological fields to which they relate.® A total of 6,242,439 patents filed by inventors in these cities across these 638
technological fields in the period 2000-2014 are considered in this study. Details on the construction of the patent dataset containing
the association of each global city with every IPC are provided in the subsection “Construction of the Dataset” of Appendix A of
the Online Supplementary Material, with that subsection based on Edet (2022). The names of all the global cities considered in the
present study are reported in Appendix A of the Online Supplementary Material.

Our analysis of the technological competitiveness of global cities is based on the measurement of the Revealed Technological
Advantage (RTA), which we derive from patent production. In the following, we provide the expression of the Revealed Technolog-
ical Advantage RT A}, of a city i with respect to an IPC j in a given year t. It measures the share of patenting activity of city i in the
IPC j compared to the global average patenting activity in the same IPC.'° To account for partial ownership of patents attributed to

7 For instance, regional studies often apply clustering procedures before econometric analyses to define technological relatedness and diversification, as seen
in works like Balland et al. (2019).

8 More specifically, although diversification processes in economics can be either technological, regional, or network-based, our emphasis is on the performance
improvement achieved through our pre-processing approach rather than on the diversification processes themselves. The existing literature can be categorized
into several strands: studies that utilize community detection outputs alongside other similarity metrics to boost accuracy (Kerkache et al., 2022), those employing
supervised ML to enhance community detection algorithms (Aljalbout et al., 2018; Filippone et al., 2008), and research leveraging community detection for link
prediction, vertex classification (Tu et al., 2018), and network reconstruction (Guimera and Sales-Pardo, 2009). Nevertheless, there is a lack of work explicitly
addressing network community detection to improve the predictive power of supervised ML in forecasting competitiveness through feature engineering.

9 The list of all the IPC codes considered in the present study is reported in Appendix A of the Online Supplementary Material. Their meanings are available
at the following hyperlink: https://ipcpub.wipo.int/.

10 To simplify the notation, we omit the dependence on ¢ in this paragraph.
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cities for a number of IPCs, we use a fractional count of patents (at the patent family level),!! i.e. given a patent p € P (where P is

the set of all patents) instantiated with the n, IPCs from the set J, = { Jpysdpyseesdp, ) and done by inventors from cities in the set
"p

I, =iy iy, yi Py }, we consider the following quantities. The fractional count of patents to any given city i is 3 cp.;c I, 1/m,, the

fractional count of patents to any given IPC j is 3 cp. ;e J, 1/n,, and the fractional count of patents produced by city i in a given
IPCjis N;; =} L Then, the RTA of city i in the IPC j is computed as:
P

peP:ie[,,,jeJ,, myn
Ny
2// NU'
21/ Ni//

Zir > ! Ny i
The matrix RTA € R!50%63, whose entries are the RTA,;, is used to construct an incidence (or competitiveness) matrix

M € {0,1}159%638 whose elements are binarized RTA values. Specifically, if RTA;; is greater than or equal to 1, the city i has
specialized positively in the technology j. In this case, one sets M;; = 1. Otherwise, one sets M;; = 0. Descriptive statistics of
the incidence matrix M derived from the patent dataset by Edet (2022) are reported in Appendix A of the Online Supplementary
Material.

RTA; = ¢8)

3. Methodology

In this section, we present a methodological approach that allows us to predict the evolution of revealed technological advantage
and economic complexity of global cities based on network analysis and ML methods. In our approach, we combine a pre-processing
step, in which we identify city communities using a state-of-the-art network community detection method (the Poisson Stochastic
Block Model, or PSBM, see Karrer and Newman (2011)) with the subsequent application of supervised ML. In the following, first,
we detail our pre-processing of the dataset, describing the procedure we apply for identifying a set of cities similar to the cities for
which we want to predict future binarized RTA values (i.e. values of the incidence matrix, which provide information about the
comparison of the RTA values with the threshold 1). We then provide a formal description of our specific supervised ML task and
of the supervised ML method that turns out to be the best for our application according to various metrics, namely, Random Forest
(RF). Finally, in Appendix B of the Online Supplementary Material, we provide some technical details about the specific network
community detection method employed for the pre-processing step, whereas Appendix C of the Online Supplementary Material
provides a brief overview of the other supervised ML methods we apply to solve the supervised ML task.

3.1. Pre-processing

A pre-processing procedure is adopted to identify cities that are similar to any given city i. The idea is to employ similar cities
in the training set of a successive supervised ML task in order to boost the predictive power of supervised ML methods by avoiding
exploiting information coming from less similar cities, which is expected to be less important from a predictive perspective. In this
way, it is also possible to improve interpretability (as only information coming from a subset of cities is used to generate supervised
ML predictions) and reduce the computational effort needed for training each supervised learning machine.

The core part of the adopted pre-processing step consists of the formation of a collection of K communities of cities according to
the so-called Poisson Stochastic Block Model or PBSM (Karrer and Newman, 2011), which is a variant of the Stochastic Block Model
or SBM (Holland et al., 1983; Nowicki and Snijders, 2001). The choice of this clustering method over more traditional alternatives,
such as Louvain clustering (Blondel et al., 2008; Traag et al., 2019), is due to the latter’s possible lack of statistical robustness.
Louvain clustering, for instance, has some limitations (Peixoto, 2018, 2023).'? Indeed, as discussed by Peixoto (2018, 2023), such a
method typically finds high-scoring partitions in networks sampled from its own null model. This issue occurs because the method
does not consider the deviation from the null model in a statistically consistent manner.

Both the SBM and the PSBM are forms of Bayesian clustering whose aim is to cluster nodes based on the posterior probabilities
of the cluster assignments. The latter are updated at every step of the respective clustering algorithm until convergence. The key
probability involved is the posterior probability of each data point belonging to each possible cluster, given the observed data and
the model parameters. Details about the SBM and the PSBM are reported in Appendix B of the Online Supplementary Material. In
the following, we describe the application of the PSBM to our scenario and motivate its use (in place of the SBM).

In our application, we first construct a graph of cities by multiplying the incidence matrix M’ by its transpose (M’)'. The
generic element in position (i, ) of the resulting (weighted) adjacency matrix, denoted by N’ := M/(M/)", represents the sum of
the number of IPC technological areas in which city i and city j have a competitive technology in common (giving more weight to
the IPC technological areas in which they both patent more intensively). The co-occurrence of IPCs in which a pair of cities have
a comparative advantage is assumed to be distributed as a Binomial. However, given the large number of possible cases, equal to
the number of IPCs (638), we can approximate this distribution as a Poisson with a success rate of %, where 50 is the average
co-occurrence of IPCs with a comparative advantage for all cities and all years.'® For this reason, we choose to apply the PSBM as
a more suitable variant of the SBM.

11 A patent family is a set of patent applications related to the same or similar technical content.
12 gee also the following hyperlink for a discussion about this issue: https://skewed.de/tiago/posts/modularity-harmful /.
13 The results of a simulation of the Binomial distribution and the Poisson distribution with a success rate of 50/638 are available upon request.
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For every € {2000, ...,2008}, the PSBM is applied to the observed adjacency matrix for that specific year ¢, i.e. N',}* to cluster
global cities. The reason we focus on the years up to 2008 is that these years are then considered to construct the predictors in the
training set for our successive prediction task detailed in Section 3.2, in which input data from each year ¢ € {2000, ...,2008} are
used to predict data in the year r+5 (with the final 5-year period being 2008-2013). To avoid too small communities with less than
ten cities, we merge small communities with the closest community they would join if the PSBM were configured to produce fewer
clusters. This reassignment process is justified by the need to identify a subset of most similar cities to each city i. More specifically,
the reassignment procedure adopted is detailed as follows'®:

(i) For any community ¢; with cardinality 1, isolate the city i that belongs to ¢, (i.e. for which Z! = 1, being Z' a node
membership matrix representing the assignment of nodes to communities).

(i) Identify the community c; (with j # k) that city i would belong to if the number of blocks K were reduced by one. This is
based on maximizing the posterior probability of community assignment given the adjacency matrix N’ (which represents the
observed connections between nodes or cities), and a block matrix C" (which represents edge probabilities between groups).

(iii) To merge small communities ¢; having a number of nodes from 2 to 9 into the “closest” neighboring community, use the
probabilities from the PSBM that express how likely each community is to connect with others. Specifically, after running the
PSBM, one gets the block matrix C' showing the connection strength or likelihood between every pair of communities. For
each small community c;, one looks at its connection strengths in this matrix to find the neighboring community c; with the
highest connection probability (the highest entry in the row of C' associated with the small community c}). This community
is considered the “closest” in terms of network structure, as it has the strongest links with the small community according
to the model. Then, one merges the small community ¢, with the closest one c;., thus ensuring that the merged community
remains closely aligned with the PSBM’s inferred network structure.

(iv) Continue this reassignment process (updating each time the dimension and the estimate of the C' matrix, given that every
merge reduces the number of communities) until each community satisfies a minimum size of 10 (i.e. its cardinality is at
least 10).

After assigning the cities to the clusters for every r € {2000, ...,2008} using the PSBM, we perform a majority voting step by
counting how often two cities belong to the same cluster.

More formally, denoting with n, the number of cities, we define the Majority Voting matrix MV as an n, X n, matrix where each
entry MV;; represents the number of times city i and city j belong to the same cluster in one of the partitions Z' inferred by the
PSBM algorithm, independent of the specific year z. More in detail, we define the elements of the majority voting matrix MV as:

K
— 1 1
MVij = Z Ziijk’ 2
1€{2000....,2008} k=1

where Z!, = 1 if city i belongs to group k in year 7, and O otherwise. Therefore, MV;; counts the number of times that cities i and
Jj belong to the same cluster in all the partitions.

We finally choose the first 50 most similar cities to every city i,'° according to the majority voting matrix MV.!” These are used
to construct the input to the successive supervised ML task (as detailed in the next subsection). For the sake of clarity, a pipeline
of the main pre-processing steps described above is reported in Fig. 1.

Fig. 2 illustrates the results of a similar analysis in which the PSBM is applied to the sum of all the adjacency matrices in
all the years, obtaining similar communities. This additional analysis is performed to provide the reader with a unique and more
comprehensive representation of the detected communities.'®

As a robustness check, we repeat the analysis using other pre-processing methods. The reader is referred to Appendix D of the
Online Supplementary Material for further details.

14 Following Lee and Wilkinson (2019)’s notation for the PSBM, such a matrix corresponds to the matrix Y in Appendix B of the Online Supplementary
Material, to which the reader is referred for further information.

15 The reader is referred to Appendix B of the Online Supplementary Material for more details about the node membership matrix Z', the block matrix C',
and the expression of the posterior probability of membership assignment.

16 The set of the 50 cities most similar to a given city i is replaced by the set of cities j for which MYV,; >0 when the latter set has cardinality smaller than
50. In our case, this occurs only for a few cities i. The same modification is made for the supervised learning task reported successively in Section 3.2.

17 By choosing (whenever possible) the top 50 cities, we generally ensure a consistent training set size, which is beneficial for model stability and simplifies
the training process in our application. For instance, in this way, when applying Matrix Completion (MC), it turns out that the matrices to be completed have
in most cases the same dimension. This not only makes the calculations easier, but is also fairer, as the choice of search range for the regularization parameter
4 can depend on the matrix dimensions. While an alternative approach would be to use a threshold to filter similar cities (e.g. for each city i, to select only
the cities j with MV,; > 7 or another value), this could result in a more variable number of similar cities for each target city, complicating training (e.g. one
would end up with inputs of different dimension in the various training sets).

18 1t is worth mentioning that, in our application, it turns out that the communities identified based on the first approach do not change so much from one
year to the successive year, which further justifies this second approach in which network community detection is performed once for all the years. Still, the
first approach has, in principle, the advantage of detecting changes in time in the communities found.
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1. For all t € {2000, ..., 2008}, generate the incidence matrix M*
from the Revealed Technological Advantage matrix RTA"

{2, For all ¢ € {2000,...,2008}, compute the adjacency matrix N* = Mt(Mt)T}

l

{4. For all t € {2000, ...,2008}, cluster the cities applying the Poisson Stochastic Block Model (PSBM)}

to the adjacency matrix N, getting the node membership matrix Z*

l

{& For all t € {2000, ...,2008}, merge isolated nodes and small communities with the closest communities}

until all the communities have at least 10 elements

l

{SA Generate the similarity matrix MV with elements MVi; = 37, ¢ (5000,... 2008} e kaZ]‘k}

l

{6. For each city 4, find the 50 cities j with the 50 largest values of MVMJ

Fig. 1. Pipeline of the main pre-processing steps.

o
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Fig. 2. Community partition obtained for a matrix that is the sum of all adjacency matrices N’ in all years ¢ = 2000, ...,2008. In the figure, the 19 clusters
identified by the PSBM are represented by colored labels along the rows and columns that visually identify the cluster assigned to each city. The colors in the
figure represent different connection strengths between pairs of cities (with city identifiers ordered by cluster affiliation), with lighter colors indicating weaker
connections or lower similarity and darker colors indicating stronger connections or higher similarity. (For interpretation of the references to color in this figure
legend, the reader is referred to the web version of this article.)

3.2. Application of supervised machine learning

The pre-processing step detailed in Section 3.1 is used to generate a dataset associated with each specific city i, made by 50-
dimensional input feature vectors related to its 50 most similar cities i, and corresponding labels. By using the majority voting
matrix, the set of these 50 most similar cities does not change with time.

In more detail, after the pre-processing phase, we consider, for each of the 150 global cities, a supervised machine learning
problem. Its goal is to predict whether the given global city (say city i) will have a Revealed Technological Advantage (RTA) in
a specific technology j five years into the future, in year ¢ + 5. Specifically, the label Mi’fr5 equals 1 if RTA;;S > 1, indicating the
presence of an RTA, and 0 otherwise. For each city i, the prediction is made based on an input feature vector that represents the
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current RTA status of each of the 50 cities most similar to i in year ¢, for the same technology ;. For every similar city i, the feature
vector includes a component that is 1 if RTA;]_ > 1, indicating the presence of an RTA, and 0 otherwise.!” By varying the technology
Jj, a total of 638 feature vectors (and corresponding labels) is obtained for each city i and pairs of years (¢, + 5). The length of
the forecast horizon is chosen to be equal to five years, as the competence-enhancing strategies, R&D investments, and patenting
activities take time to translate into higher technological competitiveness.>°

In this work, various supervised ML methods — specifically, Logistic Regression (LR), Feedforward Neural Network (FNN), Support
Vector Machine (SVM), Random Forest (RF), Bayesian Additive Regression Trees (BART), and eXtreme Gradient Boosting (XGB)?!
— are used to solve the prediction task described above. Moreover, another supervised ML method — namely, Matrix Completion
(MC) -, is applied to solve a slight variation of the task (as this method requires a portion of a matrix as input, in place of a vector
input). Details about the best-performing supervised ML method according to various metrics are in the next subsection, whereas
the other supervised ML methods employed in our study are described in Appendix C of the Online Supplementary Material. Apart
from the different sets of parameters and hyperparameters (detailed in Appendix C of the Online Supplementary Material), in this
work, models for the various supervised ML methods listed above are trained/validated/tested according to the following common
procedure.?

1. Data Preparation

For every city i and each five-year period (z,7+5) for t = 2000, ..., 2008, we construct the input design matrix>* X;wm’vah dation €
RO38x50 from the binarized RT Aj; values of the 50 most similar cities to city i (here, the dependence of the input design matrix
on i is omitted from the notation, for simplicity).>* Each row of this matrix corresponds to one observation, and refers to a
specific choice of the IPC j (for j = 1,...,638). In other words, this row is made of a subset of elements (corresponding to the
50 most similar cities to city i) of the jth column of the incidence matrix M'.

For every city i, IPC j, and year ¢, the value of the target variable y;’,train,vali dation 1S the binarized RTA".J,r5 value for city i and
IPC j in the year t+5 (here, the dependence of the value of the target variable on i is omitted from the notation, for simplicity).

2. Hyperparameter Tuning through Cross-Validation

For each supervised ML method, every city i, and each five-year period (7, 1+5), for r = 2000, ..., 2008, a grid search is conducted
to find the optimal values of the hyperparameters. The F1-score is used as the scoring metric for 5-fold cross-validation (other
metrics computed to assess each model’s predictive performance are the Precision Recall (PR)-Area Under the Curve (AUC),
Matthew’s correlation coefficient, the Receiver Operating Characteristic (ROC)-AUC, and the average classification error).?
The number of folds is selected in such a way as to get a reduced computation burden associated with cross-validation (Hastie
et al., 2009).

The best hyperparameters found by 5-fold cross-validation for each supervised ML method, city i, and period (7,7 + 5) are
recorded, ensuring the model’s robustness and generalization ability. It is worth mentioning that, on the one hand, for this
step and for the next step 3, to evaluate the different metrics mentioned above for each supervised ML model, we exclude from
the validation/test set all pairs (city-IPC) for which there are no patents in our available dataset in the validation/test year.?
On the other hand, such pairs are not excluded from each training set (with the associated RTA values set to 0) to avoid that
the dimension of each input feature vector is equal to the (variable) number of its observed entries, which would complicate
the application of the supervised ML methods used.

19 This binarization in both the input feature vector and the target variable is done to simplify the learning task, thus facilitating the application of supervised
ML.

20 This choice of the forecast horizon is also motivated by the length of the period (2000-2014). Choosing a larger prediction horizon would reduce the size
of the training sample, which would have a negative impact on the generalization ability of the trained supervised ML models. For example, increasing the
prediction horizon to 10 years would reduce the size of the training sample by about one half.

21 These methods are listed in increasing chronological order of development in the literature.

22 The case of Matrix Completion (MC), which solves a similar supervised ML task based on a different type of input (a portion of a matrix), is described
separately at the end of Appendix C of the Online Supplementary Material.

23 For the supervised ML methods based on an input feature vector, we do not include data related to the focal city i in the input design matrix
Ximi“’validmon € R0 associated with its 50 closest cities. This decision is made to ensure that the predictions for each focal city are based solely on the
information derived from other, similar cities. Including information related to the focal city’s own historical RTA values in the training set could introduce path
dependence, which could artificially improve each model’s predictive accuracy for that city, as it would benefit from a direct reference to its own historical
trends. Excluding the focal city ensures that the predictive framework remains unbiased. If we included the focal city’s historical data, there would be the risk
of overfitting each model to that city’s specific characteristics, reducing its ability to generalize well to other cities. In summary, if a model were allowed to
learn from the city’s own historical data, it might simply memorize those trends rather than learning general patterns that could be applied to other cities. It
is worth mentioning that, in this work, there are two exceptions to this rule (which provide a way to assess the impact of data related to the focal city): the
case of the “Constant Estimator” (CE) introduced in Section 4.1, whose prediction is based only on data related to the city of interest i (so, by its definition,
data related to other similar cities cannot be used by that method); the case of Matrix Completion (MC), for which partial information related to the matrix
row associated with the focal city is necessary to estimate in a nontrivial way the remaining portion of that row, based on the elements in the rows associated
with the other 50 most similar cities.

24 The notation X:rain,vali dation @Nd the successive one yémin‘vali dation Tef€T to the fact that, for the years ¢ = 2000, ...,2008, the data for training and validating
each model are extracted from this matrix and vector, respectively.

25 For details on the definitions of the various performance metrics, the reader is referred to the final part of Appendix C of the Online Supplementary Material
and to Athey and Imbens (2019) and Chicco and Jurman (2020).

26 In our dataset, the percentage of such pairs depends on the city and the year and averages around 75%.
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3. Final Model

» For each supervised ML method, the optimal hyperparameters are averaged across all cities i and periods (7,¢ + 5) to derive
the average best hyperparameters.

With these average best hyperparameters, for each supervised ML method and each city, a final ML model is trained and tested
on data in the five-year period (2009, 2014), providing insights into the technological competitiveness of cities over time. In
more detail, for each city i and the five-year period (2009, 2014), we construct the input design matrix nggi)test € RO3®0
from the binarized RT A}, values of the 50 most similar cities to city i.*” Similarly, for each city i and IPC j, the value of the

target variable yjz_(i‘r’:in es; 1S the binarized RTA?I.014 value for city i and IPC j in 2014. In the final model, 5-fold cross-validation

is performed only to evaluate the average performance of the model after its training (not to select its hyperparameters, which
are fixed to their average best values).

Since our original dataset is imbalanced — on average 30% of the elements of the incidence matrices are 1 and the remaining 0
— we balance the classes for training the supervised ML models. This is done by employing the Synthetic Minority Over-sampling
Technique for Nominal features (SMOTE-N) procedure (Chawla et al., 2002) and by cross-validating the hyperparameters by carefully
managing class imbalance throughout the process. Specifically, for each fold of the cross-validation process, SMOTE-N is applied to
the associated training set®® to create a balanced 50%/50% distribution between the two classes, allowing the model to be trained on
a dataset without majority-class bias. However, the validation set within each fold retains the original class imbalance, thus providing
an unbiased performance evaluation that reflects the real-world class distribution. Additionally, when performing cross-validation,
we use repeated stratified sampling to generate the folds. This approach ensures that each training and validation fold maintains
the original class distribution of the dataset (approximately 68% of the majority class and 32% of the minority class), reflecting
the true class proportions before SMOTE-N is applied to the training data. By maintaining this natural distribution in each fold,
repeated stratified sampling allows us to fairly assess each model’s performance on validation data that is not artificially balanced,
as recommended in the literature (Fontanari et al., 2022).%°

3.3. Best performing supervised machine learning method: Random Forest (RF)

For illustrative purposes, in this section we detail the application of a representative supervised ML method, among the ones
considered in this work.

Among the various supervised ML methods we apply in combination with network community detection, the best predictive
performance (according to various metrics, see Section 4.1) turns out to be obtained by the Random Forest (RF) (Breiman, 2001),
which is an ensemble supervised ML method that combines predictions coming from a suitably-constructed random set of trees. A
possible explanation for the superior performance of RF for our prediction problem comes from the sparsity of the feature vectors
of the specific classification task (their components, being binarized RTA values, can assume only the values 0 and 1), and from the
fact that the RF method is well-suited to handle sparse data. Moreover, according to the work by Athey and Imbens (2019), which
focuses on the application of ML methods to economics, RF is particularly effective in settings in which a large number of input
features (to be identified) are not related to the target variable. Indeed, in this case, the splits performed by RF typically ignore
such predictors. As a consequence, the performance of RF remains strong even in the presence of a large number of such redundant
features. Additionally, by identifying the most similar cities to a given city, the network community detection pre-processing step
applied in our analysis allows RF to focus only on a subset of relevant features, by reducing the dimension of the input feature
vectors. Moreover, pre-processing by network community detection makes training of RF models faster.

The following are some other possible explanations, more related to the specific application investigated in this study. Economic
complexity often relies on non-linear relationships and interactions among various actors (Feng et al., 2022). RFs naturally handle
these complexities without requiring extensive manual feature engineering. This makes them suitable for modeling the intricate
dynamics of technological innovation and competitive advantage (Chu and Qureshi, 2023; Goulet Coulombe, 2024). Specifically,
technological forecasting benefits from understanding the complex interactions within innovation networks. The incidence matrix
captures these interactions, and tree-based ensemble methods (such as RF) that can manage such complexity are particularly
effective. This approach aligns with the broader literature on technological forecasting from a complex systems perspective (Feng
et al., 2022). Finally, economic and technological landscapes are dynamic, often undergoing structural changes. RFs can adapt
to these changes better than some other supervised ML methods, ensuring consistent performance even when the underlying
data-generating processes evolve in time (Goulet Coulombe, 2024).

In the following, we provide a brief overview of the RF model. For more technical details, the reader is referred to Breiman (2001).
The RF model is an ensemble ML approach that uses bootstrapping and aggregation to train many decision trees simultaneously.

27 The notation X{0P o and the successive one y7%  refer to the fact that, for the year 2009, the data for training and testing each model are extracted
from this matrix and vector, respectively.

28 According to He and Garcia (2009), procedures like SMOTE should not be applied to the validation and test data, as they would artificially inflate the
performance of a model by introducing synthetic data. Instead, the test and validation sets should retain the original class imbalance. This would allow the
model to be evaluated realistically on data that reflect the true class distribution.

29 Our code implementing SMOTE-N, repeated stratified sampling, and cross-validation is available in the following GitHub repository: https://github.com/
federiconuta/SMOTE_RF smart cities.git.
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Fig. 3. Graphical representation of how we apply RF to our supervised ML task. For each city i, the RF is provided with an initial data set containing the 50
cities that are most similar to city i. After removing one of the 5 folds from the dataset, a series of bootstrap samples are drawn and used to build the RF
model. Finally, a majority vote is performed. The procedure is executed for all 5 folds.

Bootstrapping refers here to the training of many independent decision trees in parallel on different subsets of the training set with
varying random subsets of accessible characteristics. The RF classifier then aggregates individual tree decisions for the final decision.
Aggregation is done to lower the RF classifier’s total variance. Thus, it is usually good in generalizing to unseen data and is less
prone to issues of overfitting with respect to other ML methods (Misra et al., 2019). In the case of RF, each decision tree corresponds
with a partition of the feature space. Such a partition is constructed in a non-linear way, starting from the training set.

In our study, the hyperparameters of the RF model (to be tuned to achieve an optimal performance) include the number of trees
L (n_estimators), the maximum depth of each tree (max_depth), the minimum number of samples required to split an internal
node (min_samples_split), the minimum number of samples required to be at a leaf node (min_samples_leaf), and the criterion
for evaluating the quality of each split in every node (“Gini” and ‘“entropy” in our case). In our application, tuning of these
hyperparameters is obtained following the procedure detailed in Section 3.2. The average best hyperparameters turn out to be
min_samples_leaf = 1.4, min_samples_split = 4.5, n_estimators = 92, max_depth = 16, and criterion = “Gini”.

Fig. 3 provides a graphical representation of our application of the RF model to the supervised ML task described in Section 3.2
(for the sake of clarity, we assume that the data have been already split into 5 folds, and one is currently running the RF model on
the training dataset obtained by removing one of those folds for validation purposes and bootstrapping).

4. Results

This section summarizes the main results of the work. Specifically, Section 4.1 reports the outcome of the supervised ML analysis,
selects the best classifier according to several criteria, and provides details on various additional indicators relevant to the study, such
as confusion matrices and the performance of the trained supervised ML models on a suitable additional activation/deactivation task.
Section 4.2 evaluates the predictions of three complexity indices — the Economic Complexity Index (ECI) (Hidalgo and Hausmann,
2009), the GENeralized Economic comPlexitY) (GENEPY) (Sciarra et al., 2020), and the Matrix cOmpletion iNdex of Economic
complexitY (MONEY) (Gnecco et al., 2022) — achieved by applying the various trained supervised ML models. This is done for both
the 2009-2014 analysis already detailed in Section 3.2 and, at a reduced time-scale, for an additional rolling-window analysis where

10
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Table 1

Performance on the test set (according to several metrics) of the various supervised ML methods adopted for prediction, in the
presence of the Poisson Stochastic Block Model (PSBM) network community detection pre-processing step. For each supervised
ML method and for each metric, an average with respect to all the global cities considered in this study is indicated. For instance,
the Fl-score reported in the table for each specific supervised ML method is the average of the Fl-scores of its final models
(one for each of the 150 global cities). In bold, the performance of the best supervised ML method for each case is reported.
For details on the definitions of the various performance metrics, the reader is referred to the final part of Appendix C of the
Online Supplementary Material and to Athey and Imbens (2019) and Chicco and Jurman (2020).

Performance metric Supervised ML method

LR FNN SVM RF BART XGB MC

With PSBM pre-processing

Fl-score 0.735 0.566 0.732 0.798 0.733 0.763 0.631
PR-AUC 0.443 0.464 0.468 0.678 0.578 0.535 0.502
Matthew’s coefficient 0.275 0.202 0.220 0.303 0.247 0.250 0.201
ROC-AUC 0.731 0.689 0.742 0.786 0.683 0.720 0.700
Average classification error 0.235 0.322 0.240 0.198 0.202 0.211 0.204

predictions are made with a forecast horizon of one year (in this second analysis, the complexity indices are also recalculated yearly).
Section 4.3 discusses some of the policy implications and applications of our methodology, which could provide governments and
public institutions with novel insights into the innovation patterns of global cities. Finally, Section 4.4 examines the ML results
obtained from the point of view of their interpretability.

4.1. Supervised machine learning results

Table 1 reports the performance achieved by the various supervised ML methods adopted for solving our prediction task detailed
in Section 3.2 according to various metrics, each obtained by averaging the same metric over different final models (i.e. one final
model for each of the global cities considered in our study).** Among all the supervised ML methods considered, RF achieves the
best performance for all the metrics considered in the Table 1, ranking first for the Fl-score, Matthew’s coefficient, the PR-AUC,
the ROC-AUC, and the average classification error. As a robustness check, Table D.1 in Appendix D of the Online Supplementary
Material reports the results achieved by replacing the PSBM with two alternative pre-processing methods and with the case of no
pre-processing. They confirm the high suitability of the RF method to the specific supervised ML task.*!

Fig. 4 further details the average classification error, focusing this time on each global city and on the validation set.*
Interestingly, the results highlight that the values of the incidence matrix associated with some cities look more difficult to classify
on average than the values of the incidence matrix associated with other cities (quite independent of the specific supervised ML
method adopted). We also find that 42 out of the 60 cities that turn out to be the hardest to predict (i.e. the top 60 cities from the
left side of the x-axis in Fig. 4) exhibit the highest 5-year variability in their associated values in the incidence matrix, with an
average such variability of 0.318.

In addition, the confusion matrices in Fig. 5 on the main diagonal represent the percentages of correct classification for each
of the two classes for the different binary classifiers considered in this study. The confusion matrices refer to the collections of
all test sets (by varying the reference global city i in the set of 150 global cities considered) for the supervised ML task reported
in Section 3.2, related to the time period 2009-2014. According to these confusion matrices, it turns out that the best trade-off
between the two percentages of correct classification (each weighted equally) is obtained by the RF.

As a further analysis, Fig. 5 also shows the confusion matrix obtained for a simple baseline method, namely a “Constant
Estimator” (CE), where the predicted M ,’75 value is identical to the true M ,.’j value. Although at first glance the CE method appears
to achieve similar performance results to other supervised ML methods, by construction it is not able to predict temporal changes
in M;; values and in particular whether some M;; values will change from 0 to 1 in 5 years, in the period from 2009 to 2014 (hence
its predictions would have no real policy implications; see also the comments on the next Fig. 6).

Table 2 shows the percentage of correct classification for the subset of “activating” elements (i, j) of the collection of all test sets,
i.e. those that undergo a transition from Ml.zj009 =0to M0 = 1, for the different supervised ML methods (including the CE baseline
method). Similarly, the table reports the percentage of correct classification for the subset of “deactivating” elements (i, j) of the
collection of all test sets, i.e., for those where a transition from ij009 =1to M,.zj014 = 0 occurs. For the CE method, by construction,

30 Similar averaging procedures have been used in other works on economic complexity, e.g. Tacchella et al. (2023). We have chosen the same approach to
ensure comparability of results.

31 More precisely, for each of the two alternative methods, RF achieves the best performance for all the 5 metrics considered. In the case of no clustering, it
achieves the best performance for 2 metrics, ranking second for the remaining 3 metrics. In all cases, it turns out that the best performance is always achieved
by one of the tree-based supervised ML methods (i.e. RF, BART and XGB).

32 In this case, being the performance metric computed for each global city, the validation set is considered, since it has a larger numerosity than the test
set. Indeed, it covers a larger number of years (9 in place of 1).

33 0Or to a slight variation in the case of MC.
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Fig. 4. Average classification error in the validation set per global city for each of the supervised ML methods used in this study. Each average classification
error (per global city) is calculated as the number of misclassified labels relative to the total number of labels. The black line shows the trend of the average
classification error of the best performing supervised ML method for all metrics considered in Table 1, namely RF.

Table 2
Percentage of “activating” and ‘“deactivating” elements correctly predicted in the collection of all test sets by the different
supervised ML methods (including the simple CE baseline method). The highest percentage for each case is highlighted in

bold.
Supervised ML method Percentage of transitions Percentage of transitions
from O to 1 caught from 1 to O caught

LR 50% 59%

FNN 49% 56%

SVM 45% 61%

RF 77% 82%

BART 62% 58%

XGB 66% 59%

MC 51% 88%

CE 0% 0%

both these percentages turn out to be equal to 0%.>* For comparison, the number of zeros and ones in 2009 is 73,456 and 22,244,
respectively, while the number of zeros and ones in 2014 is 74,209 and 21,491, respectively. Finally, the number of activating and
deactivating elements is 10,556 and 11,309.

4.2. Technological complexity results

To further explore the implications of our results in terms of technological complexity, Table 3 shows the Spearman’s correlation
coefficients between the rankings of the global cities obtained using several measures of complexity drawn from the literature —
i.e. the Economic Complexity Index (ECI) (Hidalgo and Hausmann, 2009), the GENeralized Economic comPlexitY (GENEPY) (Sciarra
et al., 2020) and the Matrix cOmpletion iNdex of Economic complexitY (MONEY) (Gnecco et al., 2022) —,* when such measures are
computed, respectively, based on the true incidence matrix in 2014 and the one containing, for each entry, its prediction®® in 2014
obtained on the test set by one of the supervised ML methods employed in the present study. Given the nature of the patent dataset
used in this work, all these values can be interpreted as measures of the technological complexity of global cities. The table clearly

34 This task is quite hard to solve, as transitions are somewhat rare (in our dataset, there are about 23% transitions roughly equally distributed in the two
directions from 0 to 1 and from 1 to 0).

35 These measures were originally analyzed using the matrix of Revealed Comparative Advantage (RCA) as input in their respective definitions, but can be
applied without modification to the case of the Revealed Technology Advantage (RTA) matrix (or, more precisely, to the associated incidence matrix, as they all
apply a binarization of the input matrix as a pre-processing step). Details on the definitions of the ECI and the GENEPY are reported in Appendix E of the Online
Supplementary Material. The reader is referred to Gnecco et al. (2022) for details on the definition of MONEY, which involves more complex computations.

36 Average prediction, in the case of MC.
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Fig. 5. Confusion matrices with the percentages of correct/incorrect classification for each of the two classes, for the seven types of binary classifiers considered
in this study, and for an additional simple base method. The confusion matrices refer to the collections of all test sets (by varying the reference global city i in
the set of 150 global cities considered) for the supervised ML task reported in Section 3.2 (and for the additional baseline method), with respect to the time
period 2009-2014. Note that the percentages in each row were obtained by row-wise normalization. The original incidence matrices contain on average 68% of
zeros and 32% of ones. Accordingly, the threshold for classifying an element as 1 in the displayed subfigures is set to 0.7. Alternative choices for the threshold
(0.65 and 0.6) do not lead to significant differences in the displayed confusion matrices (the corresponding results are available on request).

shows that the highest Spearman’s correlations are obtained with the tree-based ensemble methods (RF, BART and XGB), whose

advantages over other methods have already been discussed in Section 3.3 and in Section 4.1 for the results of other analyses.
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Table 3

For each supervised ML method and measure of technological complexity: Spearman’s correlation coefficient between the ranking
of global cities resulting from the true incidence matrix in 2014 and their ranking resulting from the predicted incidence matrix
in the same year. The Spearman’s correlation coefficient for the best ML method(s) is shown in bold.

Supervised ML method Measure of technological complexity
ECI GENEPY MONEY

LR 0.578 0.591 0.633
FNN 0.657 0.665 0.611
SVM 0.799 0.806 0.703
RF 0.909 0.892 0.810
BART 0.836 0.946 0.775
XGB 0.878 0.946 0.812
MC 0.855 0.874 0.788

Table 4
Spearman’s correlations between the complexity rankings of cities in successive years. The results are shown for different measures of technological complexity,
namely ECI, GENEPY and MONEY. The table contains both the correlations obtained when these measures of technological complexity are calculated from the
original incidence matrices M’ and the correlations obtained when their elements are replaced by the test-set predictions achieved by the RF, BART and XGB
methods.

Years Spearman’s correlation Spearman’s correlation Spearman’s correlation Spearman’s correlation
based on true M’ matrices based on RF predictions based on BART predictions based on XGB predictions
ECI GENEPY MONEY ECI GENEPY MONEY ECI GENEPY MONEY ECI GENEPY MONEY
(2002,2003) 0.867 0.884 0.943 0.882 0.920 0.780 0.905 0.921 0.854 0.949 0.944 0.934
(2003,2004)  0.842 0.956 0.950 0.808 0.909 0.788 0.918 0.909 0.812 0.943 0.944 0.952
(2004,2005)  0.925 0.963 0.957 0.893 0.922 0.878 0.894 0.909 0.844 0.938 0.942 0.932
(2005,2006) 0.912 0.970 0.966 0.840 0.905 0.805 0.876 0.923 0.823 0.964 0.959 0.965
(2006,2007)  0.877 0.952 0.948 0.922 0.899 0.900 0.904 0.905 0.891 0.962 0.955 0.964
(2007,2008)  0.900 0.943 0.938 0.801 0.884 0.838 0.889 0.899 0.867 0.952 0.948 0.951
(2008,2009)  0.409 0.945 0.940 0.855 0.886 0.892 0.901 0.884 0.857 0.947 0.948 0.951
(2009,2010)  0.933 0.944 0.895 0.776 0.892 0.830 0.873 0.892 0.826 0.947 0.951 0.952
(2010,2011)  0.835 0.977 0.975 0.923 0.903 0.900 0.928 0.938 0.912 0.961 0.952 0.960
(2011,2012) 0.977 0.982 0.978 0.944 0.931 0.920 0.920 0.902 0.917 0.942 0.947 0.957
(2012,2013) 0.978 0.963 0.960 0.934 0.894 0.893 0.934 0.894 0.893 0.858 0.863 0.866
(2013,2014) 0.975 0.973 0.970 0.936 0.890 0.885 0.936 0.890 0.885 0.906 0.912 0.915

Table 4 reports, for each of the three measures of technological complexity introduced above (ECI, GENEPY, and MONEY), its
Spearman’s correlation between its induced rankings in consecutive years to further investigate changes in (true and predicted)
technological complexity at a smaller time-scale.®” The table shows both the Spearman’s correlation obtained by computing each
measure of complexity based on the original M’ matrices and the Spearman’s correlation obtained by replacing the elements of
the M’ matrices with their test-set predictions achieved by the RF, BART, and XGB methods. To get these predictions, the same
methodology described in Section 3.2 is applied, with the following two differences: to refine the granularity level of the analysis
with respect to time, the period (¢,7 + 5) is replaced by the rolling window (¢,7 + 1); for each period (7,7 + 1), the average best
hyperparameters are taken based on the cross-validation results generated from the analysis of all the previous pairs of years.*®
The largest Spearman’s correlations turn out to be obtained for the GENEPY, consistently for both the ground truth and the various
supervised ML methods. In the case of the ECI, the results appear to be unstable even in the ground truth - as the value of the
Spearman’s correlation obtained for the pair (2008, 2009) is quite different from the ones obtained for the other pairs of years —,
which suggests the adoption of the other two measures of technological complexity.** Since GENEPY is currently more commonly
adopted than MONEY and its evaluation is less computationally expensive, it turns out that GENEPY looks like the most suitable
means to evaluate and compare the true and predicted technological complexity of global cities.

As a further step of our analysis on technological complexity, we compare the predicted 2014 GENEPY rankings of global cities
(based on the test-set predictions of the RF, BART, and XGB methods obtained by solving the supervised ML task of Section 3.2)
with their true 2014 GENEPY ranking, as reported in Table E.1 in Appendix E of the Online Supplementary Material.*’ Predicting
the complexity of cities is a difficult task, as the GENEPY rankings of cities usually differ greatly from the corresponding GENEPY
rankings of previous years: consider that only 15 of the top 20 cities in 2009 are still in the top 20 in 2014, typically in different
positions in the ranking.

Table 5 shows the top 20 global cities in 2014 according to the RF, BART and XGB methods. The RF method correctly identifies
6 of the top 10 cities (according to the GENEPY index) in 2014, with 2 incorrectly predicted cities (Los Angeles and Stuttgart) still

37
38
39
40

See also the end of Appendix A of the Online Supplementary Material.

For this reason, data for the years 2000 and 2001 are not reported in the table.

Another advantage of the GENEPY over the ECI is discussed in Appendix E of the Online Supplementary Material.

The reader is referred to Figure E.3 in Appendix E of the Online Supplementary Material for a more detailed comparison of true and predicted GENEPY
rankings of cities in 2014.
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Table 5

Top 20 global cities in 2014 according to the GENEPY, computed starting from the M?’'* incidence matrix predicted by means of the RF, BART, and XGB
methods (based on information coming from the M?*” incidence matrix). For each city, we report the country, the predicted position in the ranking (Pred.
#), the actual position in the ranking (True #) and the variation of its position in the ranking with respect to Table E.1 in Appendix E of the Online
Supplementary Material (4). Distinct colors correspond with different continents: America (blue), Asia (red), and Europe (green). The color in the column
corresponding to true rankings (True #) is used to distinguish the top 10 cities (blue) from the cities ranked 11-20 (purple), 21-30 (orange) or below
(yellow). The color intensity in the “Deviation” column (4) is related monotonically to the size of the deviation (red if the actual position in the ranking
is below the predicted position in the ranking, green if it is above).

Pred. # Predicted, RF Predicted, BART Predicted, XGB

City Country True # A City Country True # A City Country True # A
1 Shanghai CN 4 -3 Nuremberg DE 8 -7 Seoul KR 1 0
2 Chicago us 11 -9 Munich DE 6 -4 Chicago Us 11 -9
3 Tokyo JP 2 1 Seoul KR 1 2 Tokyo JP 2 1
4 Nuremberg DE 8 -4 Stuttgart DE 5 -1 Nuremberg DE 8 -4
5 Seoul KR 1 4 Tokyo JP 2 3 Taipei T™W 3 2
6 Paris FR 18 -12 Frankfurt DE 32 -26 Shanghai CN 4 2
7 Zurich CH 7 0 Los Angeles us 9 -2 Zurich CH 7 0
8 Minneapolis us 17 -9 Washington us 24 -16 Munich DE 6 2
9 Shizuoka JP 19 -10 London UK 26 -17 Shizuoka JP 19 -10
10 Munich DE 6 4 Shizuoka JP 19 -9 New York Us 12 -2
11 London UK 26 -15 Chicago us 11 0 Boston Us 14 -3
12 San Diego us 44 -32 Atlanta us 28 -16 Detroit Us 15 -3
13 Dusseldorf DE 23 -10 New York us 12 1 Taichung TW 16 -3
14 Los Angeles us 9 5 Toronto CA 29 -15 Los Angeles Us 9 5
15 Stuttgart DE 5 10 Dusseldorf DE 23 -8 Stuttgart DE 5 10
16 Taichung ™ 16 0 Karlsruhe DE 31 —15  Minneapolis Us 17 -1
17 Boston Us 14 3 Paris FR 18 -1 Paris FR 18 -1
18 Frankfurt DE 32 -14 Miami us 37 -19 Frankfurt DE 32 -14
19 Philadelphia Us 35 -16 Boston Us 14 5 Vancouver CA 21 -2
20 Detroit us 15 5  Philadelphia us 35 -15 Stockholm SE 22 -2

ranking in the top 20. Similarly, the BART method correctly identifies, in the first 10 positions, 6 of the top 10 cities (according to the
GENEPY index) in 2014, with none of the incorrectly predicted cities still ranking in the top 20. Finally, in the first 10 positions, the
XGB method correctly identifies 7 of the top 10 cities (according to the GENEPY index) in 2014, with 2 of the incorrectly predicted
cities (Los Angeles and Stuttgart) still ranking in the top 20. For each method, Spearman’s correlations of the two rankings (true
and predicted) have already been reported in Table 3.*! Interestingly, a common pattern of both the true and predicted GENEPY
rankings is that German, Japanese, and US cities tend to appear in the top positions, which is in line with the findings by Hausmann
et al. (2024a).*?

To conclude this part of the analysis on technological complexity, in Figure E.2 of Appendix E of the Online Supplementary
Material, we report the results of an additional robustness check obtained by fitting (through Ordinary Least Squares, or OLS) the
true GENEPY values in 2014 using their predicted values (with the predictions achieved using RF, BART, and XGB). The results
show that the RF turns out to yield reliable predictions with an intercept of 0.0714, a slope of 0.736, and an R? of 0.587, while
BART and XGB produce similar results (an intercept of 0.0727 and 0.0733 for BART and XGB, respectively, and a slope of 0.729
and 0.698 for BART and XGB, respectively).** Then, in Appendix F of the Online Supplementary Material, we compare the actual
and predicted rankings of technological complexity with those obtained by using other measures of city competitiveness.

4.3. Policy implications

The present subsection explores the policy implications of innovation patterns, competitive dynamics, and regional technology
potential. We begin by analyzing how competitive dynamics within technological sectors can guide strategic investments by
identifying cities with potential technological advantages in specific IPCs (Section 4.3.1). Next, we examine the spatial evolution of
innovation centers in global cities, tracking shifts in the centroids of innovation to reveal regional clusters and west-east movements
over time, which offer insights into global competition and knowledge diffusion (Section 4.3.2). We also address the predictive
challenges and innovation potential within key IPC sectors, particularly in biotechnology, green energy, and traditional industries,
highlighting where strategic investments could unlock hidden technological advantages (Section 4.3.3). Finally, in Appendix H of
the Online Supplementary Material, we assess the feasibility and attractiveness of technological investments, identifying cities with
competitive advantages and providing a framework for targeted regional investment to enhance local competitiveness.

41 1t is worth noting that such correlations take into account all the positions in the rankings, without giving more importance, e.g., to the first positions. This
is the reason why, for instance, the Spearman’s correlation in the case of BART turns out to be higher than that in the case of RF, although RF is associated
with better (on average) ranking predictions in the first positions.

42 The latter rankings are at the country level and regard the direct study of the ubiquity of patents.

43 For the sake of comparison, consider that an intercept of 0 and a slope of 1 constitute an ideal match.
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By concentrating on competitive dynamics, regional clustering, and sectoral potential, the present subsection addresses policy
dimensions that are both impactful and actionable for innovation-driven growth. As underscored by Hidalgo and Hausmann (2009)
and Hausmann et al. (2024b), understanding where cities can achieve a competitive edge is essential for developing targeted,
place-based innovation policies. Additionally, identifying emergent regional clusters aligns with the work by Porter (1998), which
emphasized the economic significance of local knowledge networks and cluster-based growth. Lastly, our analysis sheds light on
hidden opportunities within specific sectors — particularly in biotechnology, green energy, and traditional industries — as drivers
of sustainable growth, reflecting the strategic importance of sectoral focus in guiding investments, as discussed by Aghion et al.
(2016). Together, the analyses performed in the present subsection provide a structured approach to understanding regional and
sectoral innovation potential, highlighting the competitive, spatial, and sectoral aspects most pertinent for policy makers aiming to
foster resilient and dynamic technological ecosystems.

4.3.1. Policy implications of innovation patterns and competitive dynamics in technology sectors

Given the better performance of tree-based methods (RF, BART, and XGB) in terms of the percentage of ““activating” elements
correctly predicted in the collection of all test sets, the following analysis is focused on such methods.** Fig. 6 illustrates, using a
world map, the results obtained by the RF, BART, and XGB classifiers, and presents their possible policy implications. In the figure,
which refers to a specific IPC j taken as an example, the following notation is adopted: as usual, M[.’j indicates the true binarized
RTA value, in the year ¢, of a city i in the IPC j (i.e. M[.’j =0if0< RTAI’./. <1, M’.’j =1if RTA?J. > 1); additionally, M’.’j indicates its
test-set prediction obtained by a supervised ML method in the year ¢ (with M[.’. =1 denoting a potential technological advantage in
the year ¢, according to that method, of the city i in the IPC j). Each subfigure reports, for the corresponding supervised ML method
analyzed: in blue, the locations of the global cities i for which Mizjoo9 = 1; in green, the locations of the global cities i for which
MiZjOO9 =0, Mizj"14 = 1, and M*°'* = 1; in yellow, the locations of the global cities i for which ijoo" =0, M,.Zj014 =0, and Mizjo” =1
in red, the locations of the global cities i for which ij009 =0, Mizj014 =1, and Mizj‘““ =0.

In other words, the “blue” cities are global cities i that already achieve a technological advantage for the technology j in the
year 2009. Among the cities that do not achieve a technological advantage for the technology j in the year 2009, the “green” cities
are global cities i that express their potential technological advantage for the technology j in the year 2014; the “yellow” cities are
global cities i that do not express their potential technological advantage for the technology j in the year 2014; the “red” cities are
global cities i that achieve a technological advantage for the technology j in the year 2014, going beyond the expectations (expressed
by the respective RF, BART, and XGB predictions).*

Hence, as a policy implication of the adoption of each of these methods for a similar analysis, policy makers could jointly identify
the “green” and “yellow” cities for specific IPCs,* and concentrate future investments of such cities in those sectors,*” allowing them
to better express their potential technological advantage.*®

It is worth remarking that similar insights as those coming from Fig. 6 could be obtained at a more aggregate level (e.g. replacing
single observed/predicted elements of the incidence matrix with summations over a subset of IPCs, and the threshold 1 with a larger
positive integer). Indeed, although the analysis of individual IPCs, as shown in Fig. 6, is conducted here only for a specific case study,
a broader application of this approach to all IPCs provides valuable insights. For example, it can highlight one of the most extensively
studied phenomena in innovation economics, providing clues about how competition in various sectors affects innovation.

In generalizing the study reported in Fig. 6, we also examine the relationship between the competition level of an IPC and its
number of deactivations (instead of activations) from 2009 to 2014.%°

To assess the impact of competition, we first quantify the competition level for each IPC by calculating its number of active
instances in 2009, i.e. the number of cities with a comparative advantage in that IPC in 2009 (this is also called ubiquity in the
economic complexity literature, see Hidalgo and Hausmann (2009)). We then partition the set of the IPCs into quintiles based on this
competition metric. The first quintile represents IPCs with the lowest competition level, while the fifth quintile represents those with
the highest competition level. Our objective is to establish whether, for each quintile, the average predicted number of deactivations
in 2014 is close to the average actual numbers of deactivations in the same year, and whether the latter are higher for quintiles
associated with high competition levels with respect to quintiles associated with low competition levels. Deactivations are defined
as instances of cities where an IPC is active in 2009 but inactive in 2014.

The results of this analysis are shown in Table 6. They are fairly consistent with the theoretical phenomena described by Akcigit
and Van Reenen (2023), which states that very high levels of competition can reduce a firm’s market share, sales and profits, making

44 These methods are also chosen for their characteristic of being easily interpretable, following the influential work by Rudin (2019).

45 The smaller number of “red” cities for the RF method with respect to the BART and XGB methods are likely due to its better average performance on
“activating” elements, as highlighted by Table 2.

46 Le. without knowing if the respective true future RTA values will reach or surpass the threshold 1 or not.

47 A possible way to achieve this objective could consist in increasing the number of joint patenting activities in collaboration with top inventors coming from
global cities having a comparative advantage in such sectors.

48 1t is worth observing that, by construction, no “green” or “yellow” cities would be obtained by using the CE method, confirming its uselessness from a
policy perspective.

49 The results of this analysis are reported using the predictions achieved by the RF method, but similar results are obtained with XGB and BART. MC, which
achieves the best average performance on the “deactivating” elements of the collection of all test sets, is not considered here because it is more computationally
expensive than the other methods, so it is expected to have less policy implications. Moreover, as highlighted by Table 2, the average performance of RF on
such elements turns out to be similar to the one of MC.
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(c) Predictions achieved by the XGB method

. Cities i with I\/[%009 =1

e Cities i with M20% — 0, M20M — 1, N[2M — 1
Cities 7 with Mx?j‘m =0, Ml%g“ =0, M:Z]_014 =1

o Cities i with M2 =0, M2 =1, M2 =0

Fig. 6. World map with global cities. The figure shows, for a specific IPC j: in blue, the locations of global cities i, for which Mf/.mg =1; in green, the locations
of global cities i, for which Mé“w =0, Mf;““ =1 and Mf,.m“ = 1; in yellow the locations of the global cities i, for which Mé‘m =0, M,?jm“ =0 and M,.ZJ.O” =1;in
red the locations of the global cities i, for which Mizj""9 =0, ij‘)“‘ =1 and M,?,O‘“ = 0. The specific IPC is j = 105 — BO9C (“Reclamation of Contaminated Soil”) —
and is chosen to obtain a positive number of “blue”, “green”, “yellow” and “green” cities for all 3 tree-based supervised ML methods considered in this part of
the study. (a) Predictions using the RF method; (b) Predictions using the BART method; (c) Predictions using the XGB method; (d) Legend. (For interpretation
of the references to color in this figure legend, the reader is referred to the web version of this article.)

innovation more difficult (Canare and Francisco, 2021). From a policy perspective, these results could allow policy makers to find
IPCs where it might make sense for a city to disinvest (rather than invest in them, which was the case with the comments on Fig.
6). This may, in principle, be related to diversification, as cities may refrain from investing in IPCs where they have little chance
of retaining their comparative advantage and reorient their investments towards other IPCs where the results of the supervised ML
analysis (tailored to each city) highlight a potential comparative advantage for the specific cities.
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Table 6
For each quintile of IPCs (based on their competition levels): average number of active instances in 2009; average number of
real deactivations in 2014; average number of predicted (by the RF method) deactivations in 2014.

Quintile of IPC Average no. of active Average no. of true Average no. of
competition level instances in 2009 deactivations in 2014 predicted RF
deactivations in 2014
1st 11.19 7.338 8.228
2nd 24.781 14.687 15.390
3rd 33.456 18.464 18.929
4th 42.804 21.744 21.891
5th 61.890 26.375 26.414
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Fig. 7. Evolution with respect to time of the location of the centroid (here taken as the barycenter) of the set of global cities i, for several different choices
of the weight given to each city: Z/ M{I. (blue dashed line); Zi M,f”'t (green dashed line); Z/ Mi?ART" (yellow dashed line); Z/. M;(GB" (red dashed line). (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

4.3.2. Geographical trajectories of innovation in global cities

As a source of further policy implications, we explore the geographical trajectories of centroids of innovation related to global
cities. The need to study innovation trajectories has been emphasized e.g. by Lema et al. (2018). Indeed, such an investigation
could help policy makers to gain meaningful information on the evolution of geographical patterns related to innovation over time.
Specifically, Fig. 7 shows the evolution over time of the location of the centroid (here as a barycenter) of global cities based on
their innovation patterns. The centroid is calculated for different weighting options assigned to each city i:

(i) The number of IPCs for which city i has a true technological advantage in year ¢ (known in the economic complexity literature
as its diversity or diversification, see Hidalgo and Hausmann (2009)). This value is represented by ¥’ MI.’j and its evolution
over time is shown through a blue dashed line in the figure.

(ii) The number of IPCs for which city i has a predicted technological advantage in year 7, represented by 3., M ! Here, M ! refers
to the test-set prediction of M;; ! obtained using either the RF, BART, or XGB method. To distinguish among these three cases,
in the following we use the notatlons Z MRF d Z MB ART and > j M;( GB respectively. For each method, the evolution
over time of }; M;j is shown through a green dashed hne in the figure.

To create Fig. 7, the rolling window technique described in Section 4.2 is used. The figure shows similar locations (i.e. in the
same part of the globe) of the centroids obtained in the 4 cases, although a greater temporal divergence is observed for the locations
of the centroids associated with the RF, BART and XGB predictions with respect to the location of the centroid associated with the
ground truth. As a general trend, an initial eastward movement can be observed in all 4 centroids, followed by a westward movement
in recent years. Remarkably, all four trajectories depicted in the figure show a much larger variation in the East-West direction than
in the North-South direction, which could be related to Diamond’s hypothesis on technology diffusion (Bologna Pavlik and Young,
2019). Further results related to the analysis of the trajectories of other suitably defined centroids of innovation are reported in
Appendix G of the Online Supplementary Material.

4.3.3. Innovation potential and predictive challenges in key IPC sectors

As a further policy-related analysis, we turn our attention to IPCs, the importance of which was recently highlighted in the work
by Hausmann et al. (2024b). Specifically, we compare predicted and actual technological advantages over multiple years. Our goal
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Fig. 8. Top 5 IPCs per year having the highest numbers of false positives, where a false positive is defined as a case for which an IPC is predicted to have
RTA > 1 in a city by at least 2 of the 3 supervised tree-based ensemble ML methods (RF, BART, and XGB), but this does not actually happen.

is to calculate the number of false positives for different IPCs, where a false positive is defined as a case for which an IPC is predicted
to have RT'A > 1 in a city by at least 2 of the 3 supervised tree-based ensemble ML methods (RF, BART and XGB), but this does
not actually occur. For each year, we identify the top 5 IPCs with the highest number of false positives and calculate the average
number of false positives among them. We then create a scatterplot in which each point represents the average number of false
positives for the top 5 IPCs in a given year (based on the results of the rolling-window analysis described in Section 4.2), with the
corresponding IPC codes appearing near each point. The results obtained are shown in Fig. 8.

Our results are consistent with the recent literature (Tang et al., 2020; Zhu et al., 2023), especially in relation to IPC codes
such as C12M (“Apparatus for Enzymology or Microbiology”) and GO6G (“Analogue Computers”), which were identified as highly
innovative in their patent network analysis.

More in general, our results indicate significant hidden potential in IPC codes related to biotechnology,”® green energy
technologies,” and traditional sectors,>> which aligns with broader economic trends. In particular, studies in the field of innovation
economics, such as that by Hall and Rosenberg (2010), emphasize the crucial role of biotechnology and the energy sector as drivers
of future innovation, while Aghion et al. (2016) highlights the importance of green technologies as key areas for sustainable growth.
Furthermore, innovation in traditional sectors supports the notion of technological spillover effects into less expected areas as
discussed by Jaffe et al. (1993). These consistent findings confirm the relevance of our results as they highlight the potential of
certain IPCs by 2014, which then materialized in line with the findings of the referenced literature (Tang et al., 2020; Zhu et al.,
2023).

4.4. Interpretability analysis

Table 5 already provides valuable insights into the hidden technological potential of global cities, by examining the difference
between true and predicted GENEPY rankings. However, as is common practice in ML analyses for economics (Athey, 2018), we also
include here an interpretability study, focusing specifically on the top 5 cities that experience the largest positive jumps in the RF
predicted GENEPY rankings in 2014 when compared to their corresponding true GENEPY rankings in the same year. These cities are
identified as those with the largest difference between their highest and lowest positions during this period, moving from a bottom
position in the true GENEPY ranking to a top position in the predicted GENEPY ranking.>® Then, for each selected city of interest,
we evaluate the average importance of the input features of the corresponding RF classifier. In the context of the RF method, the
average importance of an input feature is evaluated here as the mean of the accumulation of its associated impurity decrease within

50 C12M (“Apparatus for Enzymology or Microbiology™), C12N (“Microorganisms or Enzymes; Compositions thereof; Propagating, Preserving, or Maintaining
Microorganisms; Mutation or Genetic Engineering; Culture Media”), and C12S (“Processes using Enzymes or Micro-Organisms to Liberate, Separate or Purify a
Pre-Existing Compound or Composition; Processes using Enzymes or Micro-Organisms to Treat Textiles or to Clean Solid Surfaces of Materials”).

51 F03G (“Spring, Weight, Inertia, or Like Motors; Mechanical-Power-Producing Devices or Mechanisms, not Otherwise Provided for or Using Energy Sources
not Otherwise Provided For”), F24J (“Production or Use of Heat not Otherwise Provided For”), and F24S (“Solar Heat Collectors; Solar Heat Systems”).

52 A61G (“Transport, Personal Conveyances, or Accommodation Specially Adapted for Patients or Disabled Persons; Operating Tables or Chairs; Chairs for
Dentistry; Funeral Devices”), BO8B (“Cleaning in General; Prevention of Fouling in General”), and A01C (“Planting; Sowing; Fertilising”). With “traditional sectors”
we refer to industries that are typically considered mature or well-established, with slower rates of technological change compared to cutting-edge fields like
information technology or biotechnology. These sectors often involve foundational economic activities such as agriculture, manufacturing, and basic services. For
instance, the IPC codes A01C (“Planting; Sowing; Fertilising”) and BO8B (“Cleaning in General; Prevention of Fouling in General”) refer to traditional industries
that may not be commonly associated with rapid innovation but still demonstrate hidden potential for technological advancements through the adoption of new
methods or technologies.

53 In other words, these are the cities with the largest positive slopes in the bump chart reported in Figure E.3 in Section E of the Online Supplementary
Material.
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Table 7
The top five cities by average feature importance for each of the five global cities with the largest positive deviations between the actual GENEPY ranking in
2014 and the GENEPY ranking predicted by the RF in the same year.

Top 5 cities changing in the GENEPY ranking San Diego Dublin Melbourne Rome Rio de Janeiro
Houston Tallin Jinan Beijing Quebec
Toulouse Utrecht Zurich Karlsruhe Bangkok

Top 5 cities according to the average feature importance Detroit Lisbon Philadelphia Kunming Detroit
Hefei Prague Brisbane Seoul Sacramento
Stockholm Athens Atlanta Madrid Paris

each tree of the ensemble (Scornet, 2023).>* Since, in our application of the RF method, each input feature is associated with a
specific city (among the 50 most similar cities to the selected city), we end up with a ranking of cities according to their feature
importance for the selected city of interest. The results obtained are reported in Table 7.

This analysis contributes to the literature on Regional Innovation Systems (RIS) by highlighting how shifts in technological
complexity can reveal critical insights into regional innovation dynamics. Identifying similar cities based on feature importance
contributes to the discussion of path dependence in economic geography, as outlined by Cooke et al. (1997) and Martin and Sunley
(2006), by illustrating how certain cities may follow comparable developmental trajectories due to shared characteristics.

The findings obtained in Table 7 resonate with the literature on innovation clusters and urban hierarchies (Porter, 1998),
emphasizing how new clusters may emerge as cities gain technological complexity. The significant changes in the ranking positions
observed in the cities reported in Table 7 suggest that these cities were emerging as new innovation hubs in 2014, in line with
theories of urban hierarchies and cluster formation (Porter, 1998). For instance, Dublin’s continued attraction of multinational
high-tech companies in 2014 underscores its growing role as a European technology center, due to the presence in such city of
the so-called Silicon Docks area (Roberts et al., 2015). It is particularly interesting how the interpretability analysis can catch some
well-known patterns, which validate its robustness. For instance, in 2014, Dublin’s development in Information Technology (IT) was
mirrored by cities like Tallin and Lisbon, which also gained prominence as innovation centers due to favorable policies and skilled
workforces (Roberts et al., 2015; Rissola and Sorvik, 2018). These trends underscore how geographically distant cities can follow
similar trajectories in their rise as technology-driven economies, illustrating the role of global knowledge networks in fostering
regional innovation. Moreover, the identification of similar cities based on feature importance, such as San Diego and Huston, or
Melbourne and Brisbane, points to the concept of path dependence mentioned above, where historical trajectories shape current
innovation dynamics (Martin and Sunley, 2006). The presence of geographically distant yet technologically similar cities indicates
that knowledge spillovers and technological specialization can transcend geographic boundaries, emphasizing the role of global
networks in regional innovation.

These results can have practical implications for regional innovation policies, supporting the argument by Rodriguez-Pose (2013)
that tailored interventions can enhance the technological capacity of cities and regions. Specifically, the 5 cities reported in Table
7 as those having more potential than their true positions in the GENEPY ranking shows, may have networked with their 5 most
similar cities according to the average feature importance, in order to reach their full (hidden) potential.

5. Conclusions

In this paper, an economic complexity approach is used to analyze the technological complexity of global cities. Subsequently,
a machine learning approach is applied to predict their future technological competitiveness in specific technological areas. More
specifically, our methodology is based on predicting the technological capabilities of cities through a combination of network analysis
and machine learning methods. In this work, several supervised machine learning methods are combined with a state-of-the-art
network community detection model (namely the Poisson stochastic block model) to predict the future competitiveness of global
cities. The generalizability of the combined methods is evaluated on a ground truth derived from an up-to-date dataset of historical
patent data with georeferencing to global cities. Random forests, and more generally methods based on ensembles of trees, achieve
better predictive performance on most metrics than other supervised machine learning methods to which the same pre-processing is
applied. In particular, the ability of Random Forest to work effectively with sparse data makes it particularly effective in overcoming
the challenges faced by the literature in predicting the future competitiveness of cities. Therefore, we conclude that random forests,
and more generally models based on ensembles of trees, are the first choice for predicting technological complexity, as they can
help identify the technological competencies of cities that are the prelude to future technological achievements.>

54 In the context of RFs, “impurity” refers to a measure of how mixed the classes are within a node of a decision tree. Common impurity metrics include Gini
impurity (which is the one that we use in this part of the study) and entropy, both of which are minimized when a node contains only a single class. When a
feature is used to split the data at a node, it decreases the impurity by making the resulting child nodes more homogeneous, since the objective of a RF is to
create nodes that are as heterogeneous as possible among them, while achieving maximum homogeneity within each node (Breiman, 2001). The importance of
a feature is thus measured by how much it contributes to reducing impurity across all the nodes in which it is used. Specifically, in RFs, feature importance
can be quantified as the mean decrease in an impurity metric (such as Gini impurity or entropy) associated with that feature, accumulated over all the trees
in the ensemble. Intuitively, features that lead to larger impurity reductions across the ensemble are more influential in the model’s decisions and are therefore
considered more “important” for accurate predictions.
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Moreover, the results of our study on the trajectories of centroids of global cities, weighted by their innovation measures,
are consistent with the dynamic perspectives on innovation trajectories discussed by Balland et al. (2015), where the authors
emphasized the importance of proximity and network dynamics in regional innovation development. Moreover, our results are
consistent with Frenken et al. (2007)’s emphasis on related variety driving regional growth, as stable innovation centroids may
reflect the benefits of regional specialization and knowledge spillovers. These results are also consistent with the seminal work
of Audretsch and Feldman (1996b) on R&D spillovers, which emphasized the geographically bounded nature of innovation clusters
and underpinned the observed regional concentration of innovation clusters in Section 4.3. Finally, the results are consistent with
the findings of the economic complexity literature, particularly with respect to the ubiquity of patenting activity, especially when
focusing on the predicted rankings (see Section 4.2).

The predictions of our machine learning approach can be used by policy makers to develop specific strategic innovation policies.
By identifying technologies that are currently missing in their technology portfolio, cities can take action to become more competitive
in the identified technology areas (Balland et al., 2022). More specifically, by predicting the technological areas in which it is most
likely to be competitive (or uncompetitive) in the future, a city can decide on which technological areas to focus (or not focus) its
investments, leading to the activation or possible deactivation of the technological advantage in these areas.”® In this way, the city
could better orient itself towards other cities that are active in selected technology sectors and are considered reference cities. This
can lead to the development of targeted smart policies that incentivize the city’s economic actors to engage in projects that are in
line with competitiveness in the identified technology areas and possibly improve collaboration in innovation processes that also
involve the reference cities just identified.

Some possible limitations of this approach, however, are that innovation policy can sometimes be exogenous to patent activity
and that a large proportion of patent applications do not lead to product innovation (a strategy used by large firms to discourage
competition and not drive technology development in the market). Therefore, the predictability of the competitive patenting
landscape may not adequately capture the competitiveness of innovation activities in a city.

It is worth noting that in the present work, the features used to train the different supervised machine learning models come
exclusively from the incidence matrix. While this may seem like a limitation, there are several reasons for doing so. First, the data
used for our machine learning analysis corresponds to that typically analyzed in the context of economic complexity studies, i.e. the
elements of the incidence matrix. Second, the results we obtained in several parts of our analysis, in particular the results on the
matching between actual and predicted technological complexity (see Table 3 in Section 4.2), turn out to be quite good. Third,
based on our pre-processing step described in Section 3.1, a different machine learning model is trained for each city of interest
(using data from that city and from the 50 most similar cities identified in this step, see Section 3.2). In this way, each model is
tailored to the city in question, so in a sense it can also implicitly take into account other possible features associated with that city.
Nevertheless, it is worth noting that the current approach could be adapted with some modifications to incorporate appropriate
additional features into the analysis.®’

Finally, we discuss some possible extensions of our research. First, a possible extension of our analysis is to include more city-
specific attributes and more cities in the prediction problem to better capture the heterogeneity of institutional, technological and
economic characteristics across cities. Second, a larger variety of machine learning techniques could be used, such as additional
dimensionality reduction techniques (Gnecco and Sanguineti, 2009) and constraints encoding prior knowledge about the specific
learning task (Gnecco et al., 2013). Another further promising class of models that can be employed involves the use of generative
artificial intelligence for predicting conditional probabilities based on extensive information about the subject (Du et al., 2024). A
valuable extension of this approach would be to condition with respect to all covariates and the historical data of cities, leveraging
the pre-training of these powerful models to enhance predictions in activation/deactivation tasks. Third, the analysis can also be
extended over time to a larger number of cities and to other areas of analysis such as scientific production as new data sources
become available. Fourth, the additional use of federated/decentralized machine learning methods could reduce the computational
burden and mitigate the privacy issues associated with data sharing in the application of machine learning methods. Fifth, another
promising direction for future research is the integration of our analysis into an agent-based model to analyze the location choice
of factors such as human capital and investments in research and development. For instance, other relevant variables could be

55 1t is worth mentioning that our re-training of models associated with the various supervised machine learning methods for the pair of years (2009, 2014)
(based on the average best hyperparameters found for the previous pairs of years) is possible due to the availability of labels for the year 2014. Nevertheless,
our methodology is flexible enough to be adapted to the case in which future labels are not available. For instance, one could apply to the final models not only
the average best hyperparameters but also the average best parameters found for the previous pairs of years, eliminating the need for re-training. Additionally,
one could restrict the training/validation phase to previous periods not overlapping with the last available year in the dataset, whose features are used to predict
future elements of the incidence matrix. It is worth mentioning that, while this kind of extension would be straightforward for the case of the first 6 supervised
machine learning considered in the work, this is not the case of matrix completion, which — in the present implementation — requires (at least partial) information
related to the year to which the prediction themselves refer.

56 The deactivation of a technological advantage is relevant here, due to the resource constraints of a city, which could lead that city to refocus its investments
on other technological sectors with higher potential for the development of the specific city. Deactivation may be associated, e.g. by the existence of a high-level
of competition for that IPC, consistently with the findings obtained in Section 4.3.

57 In the supervised machine learning approach used in this work, where a different model is trained for each city of interest, some care would be required to
include meaningful additional features as inputs to the different supervised machine learning models. As described in detail in Section 3.2, the different feature
vectors are obtained by varying the IPC, so only IPC-related features could be easily integrated into this approach. In particular, this would exclude geographic
features (such as latitude and longitude), which would be constant for each model, or time-varying features, which would require each model to be trained based
on data from multiple pairs of years (again, to avoid constant features). Including a large number of additional features would therefore require not training a
model for each city and each year. While this is possible in principle, it is beyond the scope of this paper and is the subject of further research.
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included in the prediction problem, either as independent or outcome variables, such as those related to immigration patterns of
innovators. Sixth, alternative pre-processing methods could be used, to identify subsets of cities most similar to a city of interest, in
preparation of the successive supervised machine learning analysis.*® Seventh, the policy implications derived from the application
of our methodology could be the starting point for the development of recommendation systems, providing to each city suggestions
of strategic innovation policies tailored to the specific technological profile of that city.
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