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Abstract

We introduce complexity, a Stata command available on SSC that computes generalized
complexity indices for specialization matrices. Originally developed for assessing economic
complexity with global trade data (Hidalgo and Hausmann) 2009), these metrics have since
been extended to various domains including regional development, innovation, and labor eco-
nomics. The complexity command implements three core methodologies: the eigenvector
method (Hausmann et al. [2011a)), the Method of Reflection (Hidalgo and Hausmannl [2009),
and the fitness-complexity approach (Tacchella et al. [2012). It also computes relatedness
metrics such as coherence, adjacency matrices of the activity space network, and the com-
plexity outlook as a measure of complexity potential. We describe the syntax and options,

review the underlying algorithms, and provide applied examples.

1 Introduction

1.1 What is “complexity”?

Economic complexity aims to measure the amount of productive knowledge embedded in a
system based on its output structure. The field was pioneered by Hidalgo and Hausmann
(2009), who introduced the Economic Complexity Index (ECI) and Product Complexity Index
(PCI). These measures leverage the diversity and ubiquity of a country’s exports to infer its
underlying capabilities. This approach reframed economic development as a path-dependent
process of knowledge accumulation, which could be mapped using trade data.

A major advance in this framework was the concept of the Product Space, introduced by
Hidalgo et al. (2007), which represents the network of products based on their relatedness.
Products are more likely to be co-exported if they require similar capabilities. This network
perspective reveals that complex products cluster in a densely connected core of the Product
Space, while simple products lie on the periphery. The structure of a country’s exports within
this space strongly predicts its opportunities for diversification and upgrading.

The Atlas of Economic Complexity (Hausmann et al.,[2011a)) operationalized these ideas into

a widely used tool for policy analysis and academic research. Later, the Complexity Outlook



Index (Hausmann et al., [2014) was developed to assess not just current complexity but also
future potential, based on proximity to more complex products.

Subsequent literature has extended complexity theory to subnational units. Balland et al.
(2020) demonstrated that complex economic activities are disproportionately concentrated in
large urban areas, and that regions diversify through related activities. Based on employment
data, (Fritz and Manducay, 2021) show that more complex cities in the US display in average
higher wages. In their study of smart specialization, Balland et al.| (2019) also cautioned against
increasing regional inequality, as less developed areas tend to specialize in low-complexity activ-
ities while advanced regions accumulate high-complexity ones. This highlights the importance
of path dependence and local related capabilities in regional transformation. Besides economic
geography and regional studies, the concepts of complexity and relatedness appear to be relevant
in many other fields including labor economics, innovation studies, and development as review
notably Hidalgo| (2021); Hidalgo and Stojkoski (2025 or with a more critical look Pinheiro
(2025)

This literature has also densified with the development of alternative metrics. Notably,
(Tacchella et al., |2012)) proposed the fitness-complexity approach as an alternative to symmetric
eigenvector-based measures. Their iterative, non-linear method avoids numerical instabilities
and reflects asymmetries between country and product capabilities. Fitness was also shown to

better predict future outcomes.

1.2 Why the need for a package?

While the theoretical and empirical literature on economic complexity has expanded rapidly, its
methodological diffusion has been hindered by limited access to standardized, transparent, and
replicable tools. Most available implementations are embedded in web platforms or proprietary
codebases, which restrict flexibility and hinder reproducibility{ﬂ By offering a native Stata
command, complexity addresses these gaps, making economic complexity metrics accessible to
a broad range of applied researchers. This tool is particularly valuable for economists, policy
analysts, and social scientists accustomed to working within the Stata ecosystem, and who
require seamless integration with survey, administrative, or microdata workflows. Although
first released on SSC in 2019, complexity package has progressively offered easier and wider
estimation of specialization complexity indices, that now deserved a proper presentation.

Moreover, by generalizing complexity measures to any bipartite specialization matrices -
whether countries by products, regions by technologies, or workers by occupations - complexity
facilitates the integration of complexity science into diverse empirical settings. It opens the door
to new applications in regional planning, labor market design, innovation policy, and comparative
political economy.

Building on these theoretical foundations and practical needs, the complexity command

brings the tools of economic complexity into Stata. It allows researchers to:

!One notable exception is the release of a R package economiccomplexity by Mauricio Vargas Sepulveda on
CRAN on December 2024



e Compute complexity indices using the eigenvector, Method of Reflection, and fitness-

complexity methodologies

e Generate additional indices: Diversity, Ubiquity, Coherence, Complexity Outlook Index

and Target scores.
e Generate activity and individual relatedness network.

The command accepts various forms of syntaxes, inputs and output options, that we detail

in the next section.

2 Syntax and Options

2.1 Instalation and requirements

Available on SSC, installing (or upgrading) the complexity package can be done directly in

Stata via the command:
ssc install complexity,replace

complexity runs on any Stata version over 11.0.

2.2 syntaxes

Two alternative syntaxes of complexity exist:

The first one when the specialization matrix is expressed as a rectangular block of variables

complexity , varlist() [method() coherence outlook diversity

ubiquity rca iterations() projection() transpose xvar]

Where varlist is required, options between brackets aren’t required and are detailed below.
The second syntax is set for when the specialization matrix is not in list of Stata variables

but directly in a matrix form, either in Stata or Mata.

complexity , matrix() matsource() [method() coherence outlook diversity

ubiquity rca iterations() projection() transpose xvar]

Where matrix () corresponds to the matrix name, and matsource indicates whether it is stored
in Stata or Mata format. Under this syntax, matrix () is required, and matsource() is assumed
to be Mata if not specified.

2.3 Options

For any of those two syntaxes, a common list of options can be added; for clarity, we differentiate

them into two categories

e Methods and parameters



method () Specifies the method followed to compute complexity. Default is eigenvector,
alternatives are mr or fitness. See section 3 for methodological differences.

iterations() Sets the maximum number of iteration for MR or fitness method. Must be of
even order. projection() Indicates which complexity index to return. indiv would return the
individuals’ complexity (e.g. countries ECI), while activities returns the activities’ complexity
(e.g. product PCI). In any case both are computed. If none are indicated, individuals’ complexity
is returned by default.

transpose Transposes initial matrix if individuals were in columns and activities in rows.

rca To be added if the specialization matrix is already expressed as comparative advantages

(binary or not) following Balassa (1965) index contrasting the share of an activity j for an

individual 7 to its share in the whole population RCA;; = > le 5= Z]J X5 The default code
transforms the specialization matrices into RCA matrices. This step is ignored if rca option is
specified.

xvar Doesn’t return any Stata variables (only Stata and mata matrices are stored).
e Additional Metrics

coherence Computes the coherence of the specialization pattern for each individual (total
proximity of specialization area)

outlook Indicates the Complexity Outlook Index (average complexity of neighboring activ-
ities), and targets ranked by complexity gains/accessibility.

diversity: Returns the number of activities of specialization for each individual ( with
>.; RCA;; > 1'). Sometimes useful to normalize coherence score (average instead of total).

ubiquity: Returns the number of individuals with RC'A > 1 for each activity

3 Methods and Implementation

The complexity command computes specialization complexity indices based on a binary or

RN*P where rows represent entities (e.g., countries, regions,

weighted bipartite matrix M €
individuals) and columns represent activities (e.g., products, occupations, technologies). The
command implements three primary methodologies: the Method of Reflections (MR), the eigen-
vector method, and the fitness-complexity algorithm. Each method provides a distinct approach

to quantifying the complexity inherent in the specialization patterns of entities.

3.1 Method of Reflections (MR)

Introduced by Hidalgo and Hausmann (2009), the MR is an iterative procedure that alternately
computes the average properties of the nodes connected in the bipartite network. The initial

step defines the diversification of an entity and the ubiquity of an activity:

KO ="My, KO =3 M
J 7



Subsequent iterations refine these measures:

™ = ZMUk:j" Dk = k(o Zka n-1)

The MR captures the intuition that entities are complex if they are connected to complex
activities, and activities are complex if they are connected to complex entities. The process con-
tinues for a predetermined number of iterations, typically until convergence or a set maximum
number of steps. In their seminal paper, Hidalgo and Hausmann indicate that the iteration
process should continue until the ranking of countries was stable, which in their studies happens
at n = 18. However, most of the adjustment is done in the first iterations, so that a rule of
thumb is that iterations higher than 20 are virtually useless. This is why we set a default number
of iteration to 20, which can be modified through the iter() option. The number indicated
in iter () must be of even order, as it corresponds to the complexity of individuals. For com-

1)

plexity of activities, we would therefore use the value in k:j(-n_ . In any cases the process stops
when the ranking of individuals is stable across two iterations. The output of complexity when
using method (mr) option indicates whether the iteration process yield convergence and at which
round. In the reverse case, when the maximum number of iterations is reached before con-
vergence, the following warning displays "note : MR’s optimal iteration is of higher

order than specified", but it doesn’t prevent the computation of Complexity i

3.2 Eigenvector Method

The absence of a natural convergence point (the higher the number of iterations, the more
each complexity score converges toward the same value), has been pointed out as a major
limitation to the Method of Reflections (MR). Indeed each iteration reflects a new, non-nested
transformation of the input data, and only even iterations are interpretable for a given node
set. As a result, the choice of iteration depth becomes arbitrary and affects comparability across
studies. To overcome these issues, subsequent research has reformulated the MR approach using
tools from spectral graph theory. Specifically, Hausmann et al. (2014) propose extracting the
second eigenvector of the symmetrized co-occurrence matrix, which captures the primary axis
of variation in the underlying capability space. This eigenvector-based method yields a unique,
interpretable ranking of entities by complexity and has since become standard in applied work,
including the Atlas of Economic Complexity. In the complexity command, this method is
implemented through the method (eigen) option, providing users with a robust and theoretically
grounded alternative to the iterative MR procedure.

Specifically, the eigenvector method, as utilized in the Atlas of Economic Complexity (Haus-
mann et al., 2011), reformulates the MR approach by focusing on the spectral properties of the
matrix derived from M. Specifically, it involves constructing the matrix M = D~'M, where
D is a diagonal matrix of the degrees (diversification or ubiquity), and then computing the
eigenvectors of the resulting matrix.

For entities, the complexity scores are obtained from the eigenvector corresponding to the



second largest eigenvalue of the matrix M M7, while for activities, the eigenvector is derived
from M7T M. This method stabilizes the MR by capturing the principal components that explain
the variance in the specialization patterns.

The Eigenvector method is supposed to be more efficient than the method of reflection by
circumventing the iteration process. Yet, the definition of an eigenbasis is ambiguous of sign. If
is an eigenvector such that Az = Az, so is —z, as A(—x) = —Az = —Az = A(—z). However, here
the sign of the eigenvector entries is of crucial importance as it reverses the complexity scores
of each individual or activity. To identify which vector to keep between x and —z we call the
MR method and compute a correlation coefficient between the score of the two methods. When
the correlation coefficient is negative, we take the opposite eigenvector that the one computed EL
Also, when the M and its transposed are large and filled with small values the mata command
eigensystemselecti may return missing values in the eigenvector. To overcome this issue, we

inflate the matrix by a common factor if missing values are detected in the second eigenvector.

3.3 Fitness-Complexity Algorithm

An alternative to both the Method of Reflections and the eigenvector approach is the fit-
ness—complexity algorithm proposed by [Tacchella et al. (2012]). This method addresses what the
authors identify as a key conceptual shortcoming of previous techniques: their reliance on linear
averaging, which may dilute critical asymmetries in the data. The fitness method introduces a
nonlinear iterative procedure that computes country “fitness” and product “complexity” based
on a mutually reinforcing relationship: the fitness of a country increases with the number and
difficulty of the products it exports, while a product’s complexity is determined by the inverse
of the fitnesses of the least-fit countries that export it. This asymmetry is intended to capture
the idea that producing complex products is informative only when done by already capable
(i.e., high-fitness) countries. The fitness algorithm is empirically found to be more robust to
outliers, more predictive of economic growth, and better suited for datasets with heterogeneous
diversification patterns, such as those with rentier or highly specialized economies. Within the
complexity command, the method("fitness") option implements this non-linear algorithm,
providing users with an alternative complexity metric that aligns more closely with capability-
based views of development and innovation potential.

Specifically, the fitness-complexity algorithm addresses the limitations of linear methods by
introducing a non-linear iterative approach. The algorithm defines the fitness F; of an entity

and the complexity ; of an activity through the following recursive relations:

FO=1 v

2This check is also done in the equilavent R package economiccomplexity in “how to use this package" vignette:
“The eigenvalues also calls the reflections methods in order to correct the index sign in some special cases when
the correlation between the output from both methods is negative.”
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After each iteration, normalization is applied to ensure numerical stability. The process con-
tinues until convergence (ranking stable over two iterations) or a specified number of iterations
in option iter(). This algorithm captures the non-linear interplay between the capabilities
of entities and the complexity of activities. One advantage of the fitness method is to yield an
index whose distribution doesn’t follow a normal distribution as the one of the ECI, but rather a
power law distribution, more in line with the stylized facts on unequal distributions of economic

performances.

3.4 Additional Outputs

In addition to complexity scores, the command can compute individuals coherence, or the average
proximity of activities they are specialized on; and complexity outlook indexr (COI), capturing
the potential of future complexity.

Both measures rely on the concept of proximity or relatedness between activities, to cap-
ture the proximity between current specializations (for coherence) or the complexity of closely
related activites not yet developed (for COI). The relatedness matrix ¢ captures the empirical
association between pairs of features—typically products, technologies, or occupations—based
on their co-occurrence across entities such as countries or regions. This concept, central to the
product space framework introduced by [Hidalgo et al.| (2007)), provides the structural foundation
for more advanced measures like complexity, density, and coherence. The rational is simple: the
more often two activities are done by the same individual, the more likely they require skills.
The derived “principle of relatedness” states that the probability to enter into a new activity
increases with this frequency of co-occurence (Boschma et al., [2015; Hidalgo et al., [2018]).

Formally, the relatedness is defined as follows. Let M;, be a binary incidence matrix, where
M,;, = 1 if individual 7 is specialized in activity a, and 0 otherwise. The relatedness between

two features a and a’ is defined as:

Zi Mia . Mia’
max (Zz Miaa Zz Mia’)

This measure, also known as proximity, captures the conditional probability that a country

¢aa’ =

specialized in one feature is also specialized in another. The normalization by the maximum
ubiquity ensures that ¢, is symmetric and bounded between 0 and 1. A value of ¢up = 1
indicates that all countries specialized in one feature are also specialized in the other.

The complete matrix ® = [¢,,/] forms the empirical basis of the feature space (e.g., product
space, technology space), a network where nodes represent features and links denote significant
empirical associations. This network can be used to project diversification trajectories, identify
coherent specialization patterns. In the complexity command, this matrix is computed when
the coherence or outlook options are specified, and stored under a Mata matrix Prozr_ a which
may be used directly or exported for further analysis or network visualization. Similarly, the

individual-space network is stored under the adjacency matrix Prox_ i.



Coherence is a measure of internal relatedness of the activities an individual is already spe-
cialized in. Rather than asking how many products a region produces or how complex they are,
coherence asks whether those products rely on overlapping capabilities—whether they form a
consistent and integrated specialization pattern. This concept is similar to the notion of indus-
trial and technological cohesion used by |[Neffke et al| (2011)). The term coherence goes back
to Teece et al.| (1994)) for corporate activities. It recently grew in popularity in contributions
extending the coherence framework beyond the technological space notably to include occupa-
tions. As such, coherence has become a key indicator for understanding the capacity of regions
to sustain innovation, absorb shocks, and transition into more complex activities (Henning et al.,
2025; Otto et al.l 2025; [Pugliese et al., 2019).

Formally, given a binary incidence matrix M;, indicating whether individual 7 is specialized
in activity (or product, technology, occupation, etc.) a, and a proximity matrix ¢, capturing

empirical relatedness between products p and p’, the coherence of i is defined as:

Coherence; = Z Z baal

a€A; ' €A;

where A; = {a : M;, = 1} denotes the set of activities in which 7 is specialized. This expres-
sion sums all pairwise relatedness values between the activities that ¢ is currently specialized
in, capturing the extent to which its productive structure is concentrated in related domains.
Coherence has been used extensively in empirical studies to explain the geography of innovation,
knowledge recombination, and labor market resilience (Balland et al. 2019; Neffke et al. 2017;
Diodato and Weterings 2015).

Although the coherence index is often used in its raw form, it is sometimes normalized by the
number of product pairs, |A4;|- (]A4;] — 1), to facilitate comparisons across entities with different
levels of diversity. High coherence implies that a country’s current capabilities are mutually
supportive, making it more likely to adapt to shocks or transition into nearby, complex activities.
In this way, coherence extends the economic complexity paradigm by emphasizing the internal
structure of capabilities, beyond their sheer number or average complexity.

In turn, the Complezity Outlook Index Complezity Outlook Index (COI), introduced by Haus-
mann et al.| (2014) in the second edition of the Atlas of Economic Complexity, combines relat-
edness and complexity by estimating the expected gain from transitioning into nearby features.

Formally, for country ¢, the COI is defined as:

COLy = Z Gaa - Complexity s,
a€A;

High COI values suggest that a country is well-positioned to diversify into sophisticated ac-
tivities in the near future, making the COI particularly useful for policymaking and development
strategy. Research on smart specialization and regional dynamics develop similar complexity
forecast, but lack of a common index COI could provide (Balland et al., 2019; |O’Clery et al.,
2021)).



4 Output and Stored results

4.1 Output

On window Results, complexity displays the summarize of the newly computed Complexity
index and additional variables computed if any, informing the user about the name of the newly
generated variables, the number of observations, and that it was computed without issues.
According the the options specified, some information or error messages can be returned too
when options are conflicting notably. As for the data, complexity returns by default the initial
dataset, with a new Stata variable corresponding to the complexity score for all individuals (in
rows). Yet, the variables are stored into different names for each method () used, in order to ease
the comparison of results between them. Specifically, the (default) eigenvector method returns
a variable Complexity_i. The method of reflection returns a variable called MR_Complexity_i,
and the fitness method returns a variable fitness i. complexity would delete any similarly
named variables, anytime it needs to create a new one.

If option projection(activities) is specified, the same three variables can be created
but referred with a , ending. Each of them will have P observations. If P < N this leads to
missing values in the newly created variable. If P > N, the existing dataset is expanded to
P observations, resulting in missing values in the previous data (defined at the individual level
with N observations). The activity complexity score is returned in the same order as activities
are listed in the specialization matrix. To ease the correspondence between the activity and its
complexity score, another variable actlist is created when the command is called through the
varlist() syntax.

Similarly, coherence_i and coherence a variables are created in addition to the complexity
variable when coherence option is specified.

When the outlook option is specified, a first variable coi is created. This Complexity Outlook
Index is always only computed for individuals and not activities, whatever the projection of the
complexity, and therefore the new variable is always of dimension Nx1. The reason for it is that
we believe it is individual that specialize in activities and not otherwise, and the interpretation of
a complexity outlook for an activity would be hard to interpret. In addition to the coi variable,
P new variables are created indicating the desirable target activities to improve individuals’

complexity as a product of their proximity in terms of skills and their inherent complexity.

4.2 Stored results

In addition to the variables created in Stata, complexity stores some information directly as
scalars, vectors or matrices. Specifically, because complexity is always computed for the two
dimensions (activities and individuals) simultaneously, complexity saves the following in r() :
r(Complexity__individual), a column vector of Individuals’ complexity values. r(Complezity_activity),
a column vector of activities’ complexity values. r(Diversity), a column vector of Individuals’
diversity , and r(Ubiquity), a column vector of activities’ ubiquity.

The same vectors are stored in Mata, respectively under the names: comp i, comp_a,



Diversity and Ubiquity
if the fitness method is specified the vectors returned are r(fitness_individual) and r(fitness__activity)
and respective mata vectors are fitness i fitness a
if the coherence or outlook option are specified two matrices are stored in mata. Prox_a
and Prox__ i which are adjacency matrices of the Proximity space of activities and individuals
(cf the Product Space from Hidalgo et al. 2007)

5 Examples

5.1 Illustrative example

Let’s start with a small sample of virtual data to show the flexibility of complexity.

clear
mata mata clear
*install complexity package
ssc install complexity,replace
* Let’s generate a matrix of specialization for 7 individuals
* in 4 activities as Stata variables
set obs 7

. gen al=runiform()*10

. gen a2=runiform()*10

. gen a3=runiform()*10

. gen ad=runiform()*10

*xLet’s store this as a bloc matrix in Mata

. putmata M=(ax*)

*Let’s also store it as a Stata matrix

. mkmat a*,matrix(S)

** Computation of Complexity scores.
* 1- Using varlist() syntax
*1.1 individual complexity (eigenvector method)

complexity, varlist(a*)

x1.2 individual complexity (MR method) and coherence score

complexity, varlist(a*) method(mr) coherence diversity
*1.3 activities complexity using fitness score and input
*as a table of Revealed Comparative Advantages

complexity, varlist(a*) proj(activities) method(fitness) rca ubiquity

10



A preview of the dataset in [I] shows what has been done. While the preamble created variables
al to a4 over the 7 rows, the command 1.1 created the Complexity i variable, command 1.2
the M R_Complexity_i variable, and both are highly correlated. The second command also
created the coherence_ i, and diversity variables. At last, the command 1.3 created the two
four-observations variables actlist detailing the list of activities we have in our dataset, their

ubiquity and fitness.

Figure 1: Data editor widow after the command 1.1 to 1.3

Let us detail a bit more of the syntax variations

* 2- Using Stata matrix as inputs
clear

complexity, mat(S) matsource(matrix) outlook

* 3- Using Mata matrix as inputs

. complexity, matrix(M) method(fitness)

Gives us the following output (figure . All previous variables are deleted initially, but as
the specialization matrix is store in matrices S (Stata) and M (Mata), we can directly call
them. The command 2 computes the Complexity_i score following the eigenvector method
(and thus yielding the same result as in command 1.1) from the stored matrix S. In addition
the outlook option creates the cot¢ variable, here indicating that individuals 4 and 5 which have
a low complexity score, are the one with the best possible quick evolution. Variables target
indicate that this increase will be easier by targeting a new specialization in activity 3.

The command 3 creates the fitness score for individuals, from the mata matrix M containing

the bloc specialization matrix.

" &304 e

Figure 2: Data editor after commands 2 and 3

11



5.2 Real data example

Using detailed world trade flow from BACI databaseEL I now show how to compute real complex-
ity scores. Let’s start with an initial trade dataset for the year 2023 with only three variables
: country (is03), product (HS4d, Harmonized System at 4 digits) and export value X;;. With

195 countries and 1176 products, the total number of observation is 229,125. Here’s a preview

of the data:

m =1 @ i ods W B

9
229116
229117
229118
229119
229120
229121
229122
229123
229124
229125

iso3

AFG
AFG
ALFG
AFG
AFG
AFG
AFG
AFG
AFG
ZMB
ZMB
ZMB
ZMB
ZMB
ZMB
ZMB
ZMB
ZMB

ZMB

HS4d

101
102
103
104
105
10e
201
202
203
9615
9616
Sel7
Sels
9701
9702
8703
9704
9705
8706

®ij
002
16.212

132.183

2.184
.801
4.623
1.247
113.582
19.40¢
43.951

472.243
066

Figure 3: Preview of Trade Dataset

Then, in a two line command, we can easily obtain the complexity scores of each countries.

First, let’s express this as a NxP matrix (wide format).

reshape wide Xij, i(iso3) j(HS)

We know have expressed the data as a specialization matrix, with one line per countries and

one column by product.

Then let’s call the complexity command

complexity, varlist(Xij*)

Computes the complexity scores (in less than 4 seconds in Stata 17 MP).

A preview of the results can be seen through

gsort - Complexity

bro iso3 Complexity if _n<5 | _n>(_N-4)

12



iso3 Xiji01 Xij102 Xij103 Xij104

1 ABW 0 0 "] 1]
2 AFG .002 16.212 0 1]
3 AGO 3.744 79.235 20.187 251.338
4 ALB .082 1.8 37.223 0
5 AND 105.354 .43 "] 5.434
6 ARE 6879.097 2179.128 0 33534.61
7 ARG 21291.33 296.739 123.623 52.25
8 ARM 2.077 €49.575 0 12021.97
9 ATG 0 2.222 0 9.399
186 USA 269128.1 421805.8 34821.13 4337.203
187 UZB 45.444 .132 0 87
188 VEN 0 0 0 1]
189 VGB 11.343 0 0 .631
190 VNM 1.098 23603.39 111.393 1]
191 vuT 0 0 0 0
192 YEM 0 0 0 0
193 ZAF 3006.604 33888.42 991.239% 7410.29%9¢6
194 ZMB 4.224 473.1 5§7.707 26.082
195 ZWE 462.579 22.156 21.905 0

Figure 4: Preview of Trade Data in wide format: Specialization Matrix

iso3 Complexity i

1 CHE 2.28809%6

2 JEN 2.2738%¢
3 KOR 2.014745

4 DEU 1.971553
191 CoG -1.78€5e8
152 CcoD -2.087818
193 TCD —-2.64331
194 GIN -2.7107%¢

Figure 5: Preview of Economic Complexity Scores from Exports data.

These data and do-file are publicly available on the dedicated Statalist post: “Complexity
package on SSC. Update and example files”.

6 Potential Applications

The complexity command generalizes economic complexity analysis beyond the traditional
country—product space, supporting analysis wherever specialization can be represented as a

bipartite matrix. Below we outline key applications across research domains.

International Trade and Growth Projections

The original domain of complexity analysis remains critical. Export data at the country level

can be used to compute ECI, PCI, and complexity outlooks. The tool mirrors the methodologies

developed in the Atlas of Economic Complexity (Hausmann et al.,[2011b,|[2014). It also supports

computation of the fitness index (Tacchella et al., 2012), increasingly used for robustness checks

3available on the CEPII website : https://www.cepii.fr/ CEPII/en/bdd_modele/bdd_modele_item.asp?id=37
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https://www.statalist.org/forums/forum/general-stata-discussion/general/1779289-complexity-package-on-ssc-update-and-example-files
https://www.statalist.org/forums/forum/general-stata-discussion/general/1779289-complexity-package-on-ssc-update-and-example-files
https://www.cepii.fr/CEPII/en/bdd_modele/bdd_modele_item.asp?id=37

or dynamic comparisons. New applications in international trade could also focus on complexity
patterns of imports, or how the imports of complex goods can be used as a vector to develop

new productive knowledge.

Regional Economic Development

Pinheiro et al.| (2025) show that the diversification of regions into related activities is positive
in terms of economic development, but also possibly contributes to regional inequalities. By
applying complexity to region—industry or region—occupation matrices, researchers can analyze
the uneven geography of knowledge accumulation. Balland and Boschma, (2021) advocate for
"smart specialization" strategies that build on regional capabilities—something the potential

complexity measure can empirically support.

Innovation and Technological Diversification

Complexity scores help evaluate diversification paths in regional innovation systems. [Balland
and Rigby| (2017)) analyze patent data to show that related technological capabilities foster
regional innovation. The complexity command can apply to region—patent class matrices to

replicate such studies or support policy design in research funding and innovation promotion.

Labor Market Coherence and Resilience

Neffke et al.| (2011)) and |Diodato et al.| (2018) demonstrate that skill relatedness across occupa-
tions increases a region’s capacity to absorb shocks. |Alabdulkareem et al.| (2018) and [Joyez and
Laffineur| (2022) applied a network analysis and complexity thinking to labor market transitions
and skill-relatedness between occupations. Using worker—occupation matrices or employment
data by skill sets, the complexity command allows for measuring the coherence of local labor
markets and estimating the complexity potential of occupational ecosystems.

These diverse applications demonstrate how complexity empowers researchers to explore
structural transformation, industrial policy, innovation strategy, and labor market design—all

from a shared foundation of economic complexity theory.

7 Concluding Remarks

The complexity command provides Stata users with a flexible and efficient tool for comput-
ing measures of economic complexity and related network-based metrics from any bipartite
specialization matrix. It implements several widely used methods—including the Method of
Reflections, the eigenvector-based approach, and the fitness—complexity algorithm—originally
developed for country—product trade data but now increasingly applied to a variety of settings
in regional development, innovation studies, and labor market analysis.

The command accommodates multiple input formats (Stata variables, Stata matrices, or
Mata matrices) and includes options for projecting in any dimensions of the bipartite network,

computing adjacency and relatedness matrices, and estimating potential complexity scores.
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These features enable researchers to move beyond the canonical country—product framework
and apply complexity analysis to data structures involving regions and technologies, firms and
occupations, or other specialization-based relationships.

By making these techniques readily available in a native Stata environment, the complexity
command lowers the barrier to entry for applied researchers interested in economic complex-
ity and network-based metrics, and it supports the growing literature at the intersection of
development economics, innovation, and spatial labor markets.

We hope the command will facilitate further empirical work and encourage extensions and

applications across disciplines.
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