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Abstract
The vulnerability of supply chains and their role in the propagation of shocks has been highlighted multiple times in recent years, including by the recent pandemic. However, while the
importance of micro data is increasingly recognised, data at the firm-to-firm level remains
scarcely available. In this study, we formulate supply chain networks’ reconstruction as a link
prediction problem and tackle it using machine learning, specifically Gradient Boosting. We
test our approach on three di↵erent supply chain datasets and show that it works very well and
outperforms three benchmarks. An analysis of features’ importance suggests that the key data
underlying our predictions are firms’ industry, location, and size. To evaluate the feasibility of
reconstructing a network when no production network data is available, we attempt to predict
a dataset using a model trained on another dataset, showing that the model’s performance,
while still better than a random predictor, deteriorates substantially.
Keywords: Supply chains, Network reconstruction, Link prediction, Machine learning.
JEL codes: C53, C67, C81.
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Introduction

The literature on input-output economics is old and well established, but the vulnerability of justin-time supply chains - highlighted on several occasions recently (Goodman & Chokshi 2021) has led to a renewed interest in the study of shock propagation in production networks. While
early research has been mainly carried out at the industry level (Leontief 1986, Miller & Blair
2009, Acemoglu et al. 2012), it is increasingly evident that more fine-grained data is needed to
predict the impact of shocks. Unfortunately, information on firm-to-firm relationships is by nature confidential, and therefore often hard to access and incomplete. In the US, public companies
are required to disclose prominent customers (Atalay et al. 2011). In a few countries such as
Belgium, VAT reporting allows national statistical offices to provide production networks to researchers (Tintelnot et al. 2018); in others, such as Japan, large commercial datasets are available
(Mizuno et al. 2014, Inoue & Todo 2019, Carvalho et al. 2021). In most countries and for most periods, however, the data on firm-to-firm relationships is not available, making it crucial to develop
methods to reconstruct these networks based on available data.
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In this work, we develop a method for predicting links in production networks using data on
firms’ financial statements, industry, and location. For simplicity and due to data limitations, our
focus is on reconstructing binary relationships (the existence of links) rather than their weight (the
value of transactions). We approach this as a classification problem and tackle it with standard
modern machine learning techniques. Let u and v be two nodes of the network G, fu and fv be
vectors of u’s and v’s covariates (e.g. sales, industry, etc.), and f(u,v) be a vector of dyadic features
(e.g., the geographical distance between the two companies). We can write the probability Pu,v of
a link between u and v as
⇣
⌘
Pu,v = fu , fv , f(u,v) ,
where is unknown and network-specific. This formulation encompasses a wide variety of models, where is defined explicitly or implicitly. For instance, the literature on the reconstruction
of financial networks uses explicit functional forms for , or varying complexity, from simple
gravity models to more complicated fitness models (De Masi et al. 2006, Garlaschelli et al. 2005,
Garlaschelli & Lo↵redo 2004). In the production network growth literature (Atalay et al. 2011,
Carvalho & Voigtländer 2014), is often implicit but could be derived from the knowledge of
the stochastic mechanisms generating the network. Here we propose to learn using a typical
supervised learning framework. We train a machine learning model on a portion of the network
and study its capacity to predict links in the unobserved part. We validate the predictions of our
model through its Receiving Operator Characteristic (ROC) curve. Our method shows remarkable results for all the tested datasets. In addition, these methods make it possible to understand
which features of the firms are key to predict trade connections through an analysis of features
importance. For our datasets, firms’ industrial sector, geographical location, and size are the main
performance drivers.
Literature. Our approach is related to two streams of research: network reconstruction and
link prediction. In general, network reconstruction tries to infer as much as possible about the
network from the available data (often nodes’ degrees and strengths) while limiting the number
of unsupported assumptions. These methods have been widely applied to financial networks
and systemic risk estimation (Squartini et al. 2018, Almog et al. 2019, Squartini & Garlaschelli
2011, Squartini et al. 2015), but their application to firm-to-firm production networks is still
in its infancy (Hooijmaaijers & Buiten 2019, Mattsson et al. 2021, Ialongo et al. 2021). Similar
techniques were also applied to the international trade literature (Squartini & Garlaschelli 2014,
Garlaschelli & Lo↵redo 2004, 2005, Garlaschelli et al. 2007, Almog et al. 2019) to reconstruct the
binary topology of the trade network between countries.
Link prediction instead tries to infer whether two network nodes are connected. Some of the
most popular techniques in link prediction (Lü & Zhou 2011) are based on computing similarity scores between nodes. These scores are then assumed to be a proxy for the likelihood of a
link. There are many methods to compute these scores. The most celebrated ones, like Jaccard
(Liben-Nowell & Kleinberg 2007), Katz (1953), LHN (Leicht et al. 2006), Preferential Attachment
(Barabási & Albert 1999), Adamic-Adar (2003), and Resource Allocation (Zhou et al. 2009) are
derived knowing the neighbors of each node.
There is little work being done on link prediction for production networks specifically. Reisch
et al. (2021) used mobile phone data to reconstruct the Hungarian production network. De Lellis et al. (2018) and Kosasih & Brintrup (2021) pioneered the use of machine learning for link
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prediction in supply chains. An important di↵erence between these studies and ours is that they
use features derived from the network’s topology, either manually, as in De Lellis et al. (2018),
or automatically through Graph Neural Networks as in Kosasih & Brintrup (2021). In contrast,
here we leverage information retrieved without considering the network’s topology. We believe
this to be eventually advantageous from an operational point of view, as in countries where no
supply chain data is available, firm-specific information (like sales or geographical position) is
still widely available.
The outline of this paper is as follows. Section 2 describes the data. Section 3 describes the
methodology and provides the results; we conclude in Section 4.

2

Data and methods

2.1

Data

Datasets. We test our methods on three datasets: Compustat, FactSet, and a firm-level administrative dataset from Ecuador. Compustat is a financial, statistical, and market information
database on active and inactive publicly listed companies. It provides several company-level fundamentals (such as income statements and balance sheets) and information on firms’ commercial
relationships. Compustat primarily draws its data from Security and Exchange Commission (SEC)
filings, standardized financial statements required from the US SEC. SEC filings require companies to indicate those customers who account for 10% or more of their total revenues, allowing
the identification of supplier-customer relations between di↵erent companies. Like Compustat,
FactSet is a proprietary database of financial and market data. It also collects information on companies’ trade partners from SEC filings but integrates them with press releases, news, and other
sources of business insights. The third dataset, which we call “Ecuador”for short, is assembled by
Ecuador’s government from firms’ tax declarations. It contains information on companies’ legal
status, sales, and location. Most importantly, it has detailed information of every firm’s trading
partners for virtually all the firms in Ecuador’s formal economy1 .
We downloaded Compustat from Wharton Research Data Services. Firms’ annual fundamentals can be found in the eponymous table in the Compustat directory. Supply Chain data can be
found in the “WRDS Supply Chain” table in the “Linking Suite by WRDS” folder. No significant
preprocessing was performed on this data. We accessed the FactSet data through FactSet’s proprietary data feed. Firms’ fundamentals and supply chain information can be found in the folders
with the same names. The supply chain data was aggregated at the ultimate parent company
level, using FactSet’s ownership structures data, while the monetary variables in the fundamentals were converted to USD2 . The Ecuador dataset was provided by Ecuador’s government to one
of the authors. Details on this dataset can be found in Astudillo-Estevez (2021).
Compustat and FactSet’s data are provided at a yearly frequency, but we only retain a one-year
snapshot, choosing the year with highest number of links (2013 for Compustat, 2018 for Factset).
In each dataset, we remove firms with incomplete information and retain only firms with at least
1 The Ecuador dataset was assembled with research purposes. Consequently, the data is anonimyzed and real firms

cannot be traced in the data.
2 Compustat data was last downloaded in September 2021. FactSet Data was downloaded in September 2020. Currency conversion tables are provided by FactSet.
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one connection in the supply chain. For Ecuador, we restrict our analysis to the largest 10.000
private companies3 . Table 1 reports the number of nodes and links in each dataset.

Compustat
FactSet
Ecuador

Number of firms

Number of links

1180
7,349
10,000

1698
41,440
587,693

Table 1: Number of nodes and number of links in the three datasets.
We now motivate and describe three sets of variables that we will use as features: financials
variables, geographical variables, and industry affiliation.
Financial variables. Larger firms are likely to have more links (Krichene et al. 2018, Bernard,
Dhyne, Magerman, Manova & Moxnes 2019). As a result, a feature that is likely to be important
is firms’ sales. In FactSet and Compustat, we also retain two other indicators: labor productivity
(sales per worker) and R&D intensity (R&D expenses over sales). For the Ecuadorean companies,
we include total expenses among the features.
Geographical variables. An extensive literature going back to Marshall (1890) in economic geography and Tinbergen (1962) in international trade has documented that firms tend to trade
with physically closer firms (see also Bernard, Moxnes & Saito (2019)). The three datasets contain
the addresses of firms’ headquarters. We merged this information with that in the GeoNames
database4 to find companies’ geographical coordinates, and computed the geographical distance
between each pair of firms. Moreover, we used a firm’s country (for Compustat and FactSet)
or province (for Ecuador) as a feature. Specifically, we created a dyadic feature listing all the
possible ordered combinations of countries (provinces), and assigned to each possible link the
corresponding value given the supplier’s and the customer’s location. Note that we include only
dyadic features (distance and location pair), and we do not include location as an individual firm’s
feature.
Industrial sector. The type of product that two firms produce should be a strong determinant of
their probability to trade. In the extreme case where a product has a fixed “recipe”, as in Leontief
production functions, a producer will buy only from firms producing the required inputs. All
the datasets contain information on companies’ industrial sector. We used 3-digit NAICS codes
for Compustat, 3-digit SIC codes for FactSet, and 3-digit ISIC codes for Ecuador. As for firms’
geographical location, we used the industrial sectors to create a dyadic feature for every possible
link. For instance, if firm 1 is in sector A and firm 2 is in sector B, the industrial sector feature for
the couple (1, 2) will be AB; and if firm 1 is in sector B and firm 2 is in sector A, the industrial sector
feature for the couple (1, 2) will be BA. As for geographical location, we include industry only as a
pairwise feature, that is, we do not include industry as a feature of an individual firm.
3 Computational constraints prevented us to extend the analysis to a greater number of firms
4 https://www.geonames.org
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Compustat

FactSet

Ecuador

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

Sales
Productivity
R & D intensity
Expenses
Industrial sector
Geographical distance
Country
Province

X

X

Table 2: Summary of the features used in our model for each dataset.

2.2

Setup

Structure of the dataset. We create a row for each possible (directed) pair of firms. First, we fill
the row with suppliers’ and customers’ individual features (sales, labor productivity, R&D intensity,
total expenses). Second, we include dyadic features (geographical distance, and the two categorical
variables containing the industrial sector and the country/province of the two firms). The column
existence provides the classification target for prediction, that is, 1 if a link is present in the dataset
and 0 otherwise.
Nodes’ couple
..
.
(u, v)
..
.

Nodes’ covariates
..
.
fu
..
.

..
.
fv
..
.

Dyadic features

Existence

..
.

..
.
Guv
..
.

f (u,v)
..
.

Dealing with sparsity using subsampling. Only a tiny fraction of all possible links exist, so the
existence column contains vastly more zeroes than ones. If untreated, this imbalance drives the
model to always predict a non-existing link. We tackle this issue by undersampling the datasets
(He & Garcia 2009, More 2018); that is, we retain all the positive entries but we keep only a small
randomly selected fraction of zero entries. We call the undersampling ratio the ratio among the
number of elements in the two classes in the subsampled dataset. We choose an undersampling
ratio of 200 for Compustat and Factset and 50 for Ecuador – these provide a good balance between
model performance and computational requirements. For each network, we generate five di↵erent
subsampled datasets. We then split each of these 5 datasets into a training and a testing set in a
70 : 30 ratio 5 .
5 The subsampling is performed before the splitting of the dataset into a training and a testing set, so that both are

undersampled. However, the results of the paper hold - with minor di↵erences - for a non-undersampled test set. This
is because the non-undersampled test set would have more entries for non-existing links, which are easy to predict.
See Appendix B.
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Algorithm. We use ensemble methods, and specifically Gradient Boosting, as the workhorse of
our approach. Ensemble methods combine multiple algorithms (weak or base learners) to obtain
predictive performance that any constituent algorithms alone could not achieve. Ensemble methods di↵er both for the base learners and how they combine them.
A common choice for base learners is decision trees (Breiman et al. 1984), a non-parametric
supervised learning algorithm used for classification and regression. Decision trees are made of
branches, starting at the same node. Each branch is composed of a set of internal nodes and terminates with a leaf. Internal nodes host decision rules; by starting at the tree’s root and following
the decision rules, each data point can be allocated to one of the leaves. The goal is to create a
model that predicts a target variable’s value by learning the correct decision rules inferred from
the data features.
The idea at the core of boosting is to train several decision trees sequentially, each trying to
compensate for its predecessors’ shortcomings. Gradient Boosting, specifically, identifies shortcomings by negative gradients. Several reasons justify adopting these models: their resistance to
overfitting, their capacity to deal with categorical data, and the ease of usage. Practically, we use
Python’s LightGBM implementation.
ROC curves. A model trained to distinguish between existing and non-existing links is an example of a binary classifier. To test its performance, we compute True Positives, True Negatives,
False Negatives and False Positives (see Fig. 1).

Figure 1: True Positives, True Negatives, False Positives and False Negatives are often reported in
the confusion matrix.
In practice, our classifier is predicting a probability p that a link exists. It is up to us to decide
the threshold ⌧, such that if p > ⌧, the link is predicted as existing; the model’s performance
ultimately depends on the threshold we adopt. Nevertheless, there is a way to evaluate a model
6

that does not depend on the threshold: analyzing its Receiving Operator Characteristic curve (ROC).
The ROC curve is created by plotting the true positive rate (TPR) against the false positive rate
(FPR) at various values of the threshold ⌧. In our framework, the ROC curve can be thought of as
the set of points in the FPR/TPR space obtained by sequentially adding the most probable links
in the network.
We can summarize the information in a ROC curve in a single metric, the Area Under the
Curve (AUC): the higher the AUC, the better the model performance. AUC can take values between
0 and 1, with 0.5 being the performance achieved by a “random” classifier, that is, a classifier that
makes its prediction by drawing from a Bernoulli distribution.

3

Results

We first show the performance of our approach and compare it with those of a few relevant benchmarks. Next, we show which features substantially impact the model’s performance. Finally, we
train the model with data from a specific country and show its performance in predicting links in
other countries, mimicking a real-world application more closely.

3.1

Prediction performance

Fig. 2 shows the results for our machine learning model on the three di↵erent datasets. The model
provides very good results, with a value for the AUC always above 0.9, vastly outperforming the
0.5 AUC benchmark value of random classifiers.
Fig. 3 shows the corresponding ROC curves. Recall that the ROC curve is built by ranking all
pairs of firms by their probability of being connected, and considering that a link exists only for
the n couples with the highest probability. Thus, the steep ascent at the beginning of the curves in
Fig. 3 tells us that, by choosing a relatively small value of n, we can correctly predict a reasonably
large fraction of the existing links at the cost of misplacing only relatively few links that do not
exist. An important case is when the number of predicted links n is equal to the empirical number
of links6 . In this case, the algorithm correctly identifies 38% of true empirical links for Compustat,
31% for FactSet, and 40% for Ecuador; If the goal is instead to find 80% of the true links, the false
positive rates are 6% for Compustat, 8% for FactSet, and 11% for Ecuador 7 . Our results are in
line with those obtained by Kosasih & Brintrup (2021), who also get AUC values slightly above 0.9.
However, the comparison is not straightforward as, while similar at a high level, the two methods
di↵er substantially in their inputs, the networks analyzed, and the overall approach.
6 Our datasets are undersampled, so we look at the empirical number of links rather than an empirical density,

which would need to be corrected by the undersampling ratio.
7 Average values computed on the five subsampled datasets
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Figure 2: AUC values for the Gradient Boosting model on the three datasets. Average values
(bars) and standard deviations (errorbars) are computed on the five di↵erent realizations of the
subsampled datasets. Each errorbar shows ± one standard deviation from the average value.

Figure 3: ROC curves of the Gradient Boosting model. For each dataset, we plot 5 ROC curves, obtained on five di↵erent train-test splits of the datasets. Circles indicate the value of FPR and TPR
at which the number of predicted links is equal to the empirical the number of links. Diamonds
correspond to a true positive rate of 0.8.
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3.2

Benchmarks

To further assess the performance of our model, we provide three relevant benchmarks: a salesdriven maximum entropy model, a gravity model, and an exponential random graph model (ERGM).
All the benchmark models were tested on the same test sets used for the gradient boosting model.
However, the training procedure varies from benchmark to benchmark.
Sales-driven Maximum Entropy model. We use a model similar to the model used by (Almog
et al. 2019, Squartini & Garlaschelli 2014, Garlaschelli & Lo↵redo 2004, 2005, Garlaschelli et al.
2007) to predict the topology of the International Trade Network. In one of its simplest forms,
in the context of trade between countries, the model predicts that, if i and j have GDP Yi and Yj
respectively, the probability of trade between i and j (i.e., of goods flowing from i to j) is
pij =

zYi Yj
1 + zYi Yj

,

where z is a parameter to be estimated. We use the previous formula and substitute firms’ sales
for countries’ GDP to compute the probability of a link between two companies. Since pij is an
increasing monotonic function of Yi Yj , assuming ↵ > 0, we can simplify the expression above and
compute a score sij as
sij = Yi Yj .
We build the ROC curves by using the score sij to rank the links from the most to the least likely
to exist.
The advantages of the sales-driven maximum entropy model is that it does not need training
(it can be used directly on the test data) and it requires very little data. A substantial drawback,
however, is that while reciprocity tends to be low in production networks (e.g. around 5% in the
Ecuador network and lower in Factset and Compustat (Bacilieri et al. 2021)), this model predicts
perfect reciprocity, pij = pji .
The next benchmark we introduce keeps a similar structure but allows for non symmetric
predictions and uses more information.
Gravity model. The gravity model owes its name to a loose analogy with Newton’s gravitational
law. First pioneered by Ravenstein (1889) in the study of migration patterns, it was later used by
Tinbergen (1962) to explain international trade flows. The model was immensely successful in
this field due to the good fit to observed trade flows, and its parsimonious and tractable representation of economic interactions (Anderson 2010). In a generalized
form, the Gravity Model of
D E
international trade states that the expected amount of trade wij from country i to country j is
Yi↵ Yj
D E
wij = K
,
dij

(1)

where dij is the geographic distance between the countries and K, ↵, , and are free parameters.
D E
We test whether wij can be used as a meaningful score for link prediction. Specifically, if we
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⇣D E⌘
define a score sij = log wij we can rewrite Eq. 1 as
sij = constant + ↵ log Yi + log Yj

log dij .

(2)

To estimate this model, we take the “existence” variable as the dependent variable, replacing
sij . Since it is binary, we estimate the model using logistic regression, which we perform on the
training samples.
A limitation of this model is that it does not use information on firms’ industrial sectors.
While we could in principle add a set of dummies, there are too many industry pairs to make this
computationally tractable. We could in principle estimate Eq. 2 by OLS, and use fast methods for
estimation and selection of relevant industry-pair dummies. We had limited success doing this,
so we refrain from pursuing this further.
The estimated values for the parameters ↵, , and are shown in Table 3. The logistic regression picks up a few relevant features of the network. In all three datasets, takes positive values
- unsurprisingly, as distant firms are less likely to be connected than closer ones. The values of ↵
and are more interesting, as they o↵er some insights about the di↵erences between the datasets.
For Compustat, the value of ↵ is negative, while is positive. These values suggest that, holding
customer size constant, pairs with larger suppliers are more unlikely, and holding supplier size
constant, pairs with larger customers are more likely. This somewhat counterintuitive result is a
consequence of Compustat’s way of collecting supply chain data: it is hard to find large firms that
sell more than 10% of their production to a single customer. The ↵ value becomes positive again
when this bias is lower (FactSet) or absent (Ecuador).
↵
Compustat
FactSet
Ecuador

0.059 ± 0.004
0.294 ± 0.001
0.4854 ± 0.0004

0.743 ± 0.006
0.660 ± 0.001
0.4311 ± 0.0003

0.170 ± 0.009
0.158 ± 0.001
0.1377 ± 0.0002

Table 3: Average value and standard deviation of the three coefficients across the five subsampled
datasets.
Exponential Random Graph Model (ERGM). An ERGM is a probability distribution Pe over the
set of possible networks G,
⇣
⌘
Pe (G) / exp ✓ · x (G) ,
where x (G) is a vector of network G’s statistics and the vector ✓ contains the model’s parameters.
The statistics c can include individual, dyadic or global information of a network, such as the sales
of firms, the geographical distance between pairs of firms, and the average density of the network.
These parameters
are estimated
so that the expected network statistics match the observed
⇣
⌘
ones, EG [x] = x Gempirical . ERGMs are popular in the study of socio-economic networks, in
part because they can shed light on the mechanisms driving the network formation process. For
instance, Krichene et al. (2018) find a disassortative mixing between low-profit and high-profit
Japanese firms, location homophily, reciprocity and transitivity with common partners.
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Finally, ERGMs make link prediction tasks straightforward. Let G+ij and G ij be two identical
networks, except that i is connected to j in G+ij but not in G ij . Thus the odds ratio pij of an edge
from i to j being present rather than absent is
⇣
⌘
⇣
⌘
Pe G+ij
˙
⌘ = exp ✓(x(G
pij = ⇣
+ij ) x(G ij )) .
Pe G ij
Note that the ERGM is estimated using the whole network (i.e., using both the training and
test data) as, pragmatically, there is no notion of “unobserved links” when fitting an ERGM, , and
each link (present or missing) contributes to the network statistics x (G).
Due to computational constraints, we were not able to fit an ERGM on the Ecuador network.
We provide a more thorough discussion on link prediction with ERGMs in C.

Figure 4: Values of the AUC for the benchmark models. Average values (bars) and standard deviations (errorbars) are computed on the five di↵erent realizations of the subsampled datasets. Each
errorbar shows ± one standard deviation from the average value.
Results. Fig. 4 shows the results. The Gradient Boosting model substantially outperforms the
three benchmarks. An interesting result is that, on the Compustat dataset, the maximum entropy
model has weak performance and is vastly outperformed by the gravity model. This is again due
to the way Compustat collects information on the supply chain. The correlation between sales
and indegree (number of suppliers) is 0.76, but only -0.16 between sales and outdegree (number
of customers). As a result, good models should be able to assign greater probability to pairs in
11

which a large firm is the customer rather the supplier, something that the gravity and the gradient
boosting model are flexible enough to do, but the sales-driven maximum entropy model fails to
do because it predicts pij = pji .

3.3

Importance of di↵erent features

Computing features’ importance means - in general - ranking the features in our data according
to their predictive power. More specifically, we compute each feature’s permutation importance
(Breiman 2001). A feature’s permutation importance is the decline in the model’s performance
when the feature values are randomly shu✏ed. Shu✏ing breaks the relationship between the
feature and the target and helps us assess how strongly our predictions depend on that feature.
The algorithm works as follows8 . Let m be a fitted predictive model, D be a dataset with units
in row and variables in columns (here D is the test set), and K be a given number of repetitions
of the randomization. We first compute the reference performance P of the model m on D. Then,
for each repetition k = 1, . . . , K, and for each feature j in D, we
• randomly shu✏e the column j of the dataset to generate a corrupted version of the data D̃k,j ,
• compute the score Pk,j of m on the corrupted data D̃k,j .
Finally, we compute importance Ij for feature j as
Ij = s

K
1X
Pk,j .
K
k=1

Permutation feature importance can give misleading results in correlated features that need
to be permuted together and whose contribution is hard to disentangle. In our data, the features
“country pair” and “geographical distance” are highly correlated, so we permuted these jointly
(that is, we randomized both columns simultaneously).
In all the datasets, we observe that the industrial sector seems to be the main driver for the
performance (see Fig. 5). This is a sensitive result. Firms producing similar goods will buy similar
inputs, and, consequently, industrial sectors helps us a lot in predicting commercial partnerships.
It is hard to make an unambiguous ranking of the other features; however a few facts can
be highlighted. The combination of Geographical distance and Country pair (Province pair for
the Ecuador dataset) is very relevant for Ecuador and Factset. These features are less relevant in
Compustat. This could be because most Compustat firms are based in the U.S., so knowing a pair
of firms’ countries is not very informative.
Finally, features related to size, while less important, do appear significant. In Compustat, and
to a lesser degree in Factset, the sales of the customer is an important feature; again, this makes
sense since Compustat and to a lower extent Factset include data arising from the “disclosure of
large customers” rule; the sales of the supplier is also important, but less. In Ecuador, the expenses
variables appears more important than the sales variable. This makes sense, as sales also include
sales to final consumers, so it is more noisy than expenses.
R&D intensity and labor productivity appear to have some mild importance in Compustat,
but none in Factset (these variables are not available for Ecuador).
8 See https://scikit-learn.org/stable/modules/permutation_importance.html
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Figure 5: Features’ permutation importance. Average values (bars) and standard deviations (errorbars) are computed on ten random permutations of one of the subsampled dataset. Each errorbar
shows ± one standard deviation from the average value.

3.4

Unobserved countries

In many countries, including several large advanced economies, no production network data is
available. Can we predict the production network of these countries, using what we learn from
countries where production network is available, coupled with standard data on firm’s industries,
location and size?
In principle, yes. We can train a model on a country where network data is available, and apply
this model using only firm-level data. Here we demonstrate that this is technically feasible (we
only need to renormalize the variables to make the model portable from one country to another),
and we establish two benchmark results.
The first uses the fact that Factset contains data on several di↵erent countries. We remove
a country from Factset, train the model on the remaining data, and predict the network of the
country that has been removed. If we perform well, we could in principle predict the production
network of a country for which no production network data exists “as if Factset had collected it”.
We then attempt a harder prediction task: Can we train the model on Ecuador, and predict
Factset? and vice-versa? Our results here will be much less promising, and we will explain why.
Normalizing variables. Working with raw quantities is sometimes not feasible (e.g. because
the classification systems for industries are di↵erent), sometimes non-sensical (e.g. if sales are
expressed in a di↵erent currency), and sometimes sub-optimal (e.g. because the geography of the
countries is very di↵erent; for instance the distance between any pair of Japanese firms is lower
than the distance between Boston and Los Angeles).
To make the features more homogeneous across countries so that learning in one can be used
in the other, we rescale each feature such that within a given country it ranges between 0 and 1.
13

If xi represents the sales of firm i based in country c, and if ! is the set of all the firms based in c,
we compute the quantity Xi as
Xi =

log xi

minj2! log xj

maxj2! log xj

minj2! log xj

.

Similarly, we substitute for the distance dij between i and j the quantity
Dij =

log dij

mink,l2! log dkl

maxk,l2! log dk,l

mink,l2! log dk,l

.

Finally, to homogenize the industry classification systems, we convert both FactSet’s and Ecuador’s
industrial sector code to NAICS classification9 ,
Di↵erent countries in FactSet. FactSet contains information on companies based all over the
world. However, most firms are based either in the US, China, or Japan: each of these countries
hosts roughly one third of the firms in the dataset. These countries are excellent candidates to
answer our question. We built a dataset as described in Section 2.2, and then filtered it to retain
only pairs of firms based in the same country.

Figure 6: In the previous section, the links to predict (in light blue) were randomly picked from
the network. Now, we divide the network into two disjoint parts.
More precisely, while previously we considered all links and split them into a testing and
training set at random (Fig 6, left), we now take all the links in specific set of countries as training
set, and all the links within a target country as a testing set (Fig. 6, right)10 .
Given our results of the features’ importance, we consider only the most important features:
firm sales, industrial sector, and geographical distance. We then split the dataset in three di↵erent
ways, by taking out either the US, China, or Japan. Finally, we predict links on the parts we took
out by training a gradient boosting model on the rest of the dataset.
FactSet on Ecuador, and vice-versa. Aside from normalizing and harmonizing the variables, we
again remove from FactSet all the links between firms based in di↵erent countries.
9 SIC to NAICS crosswalk was provided by NAICS association https://www.naics.com/. ISIC (Revision 4) to

NAICS concordance table was downloaded from https://unstats.un.org
10 This implies that the links between the training countries and the test country are entirely discarded - they are part
of neither the training nor the testing set.
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Figure 7: AUROC values for the di↵erent dataset splits. Average values (bars) and standard deviations (errorbars) are computed on the five di↵erent realizations of the subsampled datasets. Each
errorbar shows ± one standard deviation from the average value.
Results. Fig. 7 shows the results. Our approach retains a decent predictive performance with
an AUROC around 0.8; while the quality of the prediction decreased compared to the previous
section, our approach seems to be still consistently better than the benchmarks. The simple maximum entropy model is a particularly interesting benchmark for this task, because it requires no
training, and is therefore a straightforward method already available in many countries to reconstruct production network data.
To understand why our approach is not as e↵ective as the previous cases, we look at the distribution of the rescaled quantities D (distances) and X (sales) for the three di↵erent countries (Fig
8 and 9). We see that Japan’s D distribution has a prominent peak for small values, which is not
present for the other countries, and another peak around D = 0.9, while the distributions for the
US and China peak around D = 0.95. The distribution of X also looks very di↵erent: while the
mass of the distributions for China and the US is between X = 0.5 and X = 0.9, that of Japan is
between X = 0.4 and X = 0.7.
The results of the second experiment, where we predict Factset using Ecuador and the other
way around, are not as encouraging. The performance of our model hardly surpasses that of a
random classifier (see Fig. 10).
We again attribute this outcome to the considerable di↵erences between the two datasets. The
distributions of X and D, shown in Fig. 11 and 12, support this intuition11 .
Overall, the results suggest that our approach can predict links on an unobserved country
as long as the data on the production network of the target country is collected using similar
methods. However, we do not know if the good results we have for cross-country predictions
using Factset would extend to cross-country predictions using administrative datasets. However,
because such administrative datasets are becoming available, we think it will be possible in the
future to test this predictive ability. Our work here provides a clear benchmark.
11 The distributions are computed on the processed datasets, i.e., the same datasets we use to train and test our model
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Figure 8: Distribution of D for the US, China, and Japan

Figure 9: Distribution of X for the US, China, and Japan

4

Conclusions

We used machine learning classifiers to infer the presence of commercial relationships between
companies. Our approach shows solid predictive performance. Given how parsimonious our
model is regarding training features and how consistent the results are across datasets, we believe
this is a striking result.
Our approach outperforms a few well known-benchmarks, although comparison is difficult
because the models have di↵erent data requirements. Nevertheless, the strength of our model
lies in the possibility of leveraging company-specific features, numerical and categorical. For
supply chains, these properties (sales, industry and location) are often easier to find than networkspecific metrics that other methods require. When non-network data is widely available and some
network data is available, a relatively small fraction of a supply chain network could then in
principle be used to train the model, and reconstruct the network fully. In this case, however, it
remains important to understand why network data is available for some firms and not for others,
as this may create a bias.
Our results also suggest that reconstructing the production network of country A given the
production network of another country B might be a feasible challenge. In this paper we made
a first attempt, to establish a benchmark that we expect can be beaten in the future, for example
by including in the predictions some previous knowledge on the target production network. If
successful, this e↵ort would dramatically cut the e↵orts required to collect production networks’
data, and make fine grained data much more widely available to researchers.
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Figure 10: AUROC values for all the combinations of training and test sets. For ease of comparison, we report in the first five rows the results of Fig. 2 and Fig. 7
An expansion of our work is the inclusion and design of new features, company- and pairspecific, and from both network and economic theory. In this regard, the inclusion of network’s
topology might play an important role. Simple link prediction models based on local similarity
indices (Zhou et al. 2009), or more sophisticated models based on topological information have
proven to be e↵ective in predicting links for a wide set of networks, including supply chains
(De Lellis et al. 2018, Kosasih & Brintrup 2021). Further to this, as is well known in the forecasting
community, forecasts combination often improves performance; this principle also applies in the
context of link prediction: optimal predictions are often obtained by stacking together the output
of several di↵erent models (Ghasemian et al. 2020). Combining the approach described in this
work with other topology-based link prediction methods is an interesting and important future
direction for research.
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Lü, L. & Zhou, T. (2011), ‘Link prediction in complex networks: A survey’, Physica A: Statistical
Mechanics and its Applications 390(6), 1150–1170.
URL: https://www.sciencedirect.com/science/article/pii/S037843711000991X
Marshall, A. (1890), ‘Principles of economics,’, Macmillan London (8th ed. Published in 1920) .
Mattsson, C. E. S., Takes, F. W., Heemskerk, E. M., Diks, C., Buiten, G., Faber, A. & Sloot, P. M. A.
(2021), ‘Functional structure in production networks’, Frontiers in Big Data 4, 23.
URL: https://www.frontiersin.org/article/10.3389/fdata.2021.666712
Miller, R. E. & Blair, P. D. (2009), Input-output analysis: foundations and extensions, Cambridge
university press.
Mizuno, T., Souma, W. & Watanabe, T. (2014), ‘The structure and evolution of buyer-supplier
networks’, PLOS ONE 9(7), 1–10.
URL: https://doi.org/10.1371/journal.pone.0100712
More, A. (2018), ‘Survey of resampling techniques for improving classification performance in
unbalanced datasets’, arXiv.org .
Ravenstein, E. G. (1889), ‘The laws of migration’, Journal of the Royal Statistical Society 52(2), 241–
305.
URL: http://www.jstor.org/stable/2979333
Reisch, T., Heiler, G., Diem, C. & Thurner, S. (2021), ‘Inferring supply networks from mobile
phone data to estimate the resilience of a national economy’, arXiv preprint arXiv:2110.05625 .
21

Squartini, T., Caldarelli, G., Cimini, G., Gabrielli, A. & Garlaschelli, D. (2018), ‘Reconstruction
methods for networks: The case of economic and financial systems’, Physics Reports 757, 1–47.
Reconstruction methods for networks: The case of economic and financial systems.
URL: https://www.sciencedirect.com/science/article/pii/S0370157318301509
Squartini, T. & Garlaschelli, D. (2011), ‘Analytical maximum-likelihood method to detect patterns
in real networks’, New Journal of Physics 13(8), 083001.
URL: https://doi.org/10.1088/1367-2630/13/8/083001
Squartini, T. & Garlaschelli, D. (2014), Jan tinbergen’s legacy for economic networks: From the
gravity model to quantum statistics, in F. Abergel, H. Aoyama, B. K. Chakrabarti, A. Chakraborti
& A. Ghosh, eds, ‘Econophysics of Agent-Based Models’, Springer International Publishing,
Cham, pp. 161–186.
Squartini, T., Mastrandrea, R. & Garlaschelli, D. (2015), ‘Unbiased sampling of network ensembles’, New Journal of Physics 17(2), 023052.
URL: https://doi.org/10.1088/1367-2630/17/2/023052
Tinbergen, J. (1962), ‘The world economy. suggestions for an international economic policy’, New
York: Twentieth Century Fund .
Tintelnot, F., Kikkawa, A. K., Mogstad, M. & Dhyne, E. (2018), Trade and domestic production
networks, Working Paper 25120, National Bureau of Economic Research.
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A Model details
The experiments were performed on an Amazon AWS EC2 c5 machine. The model we used is the
gradient boosting classifier provided in the LightGBM python library. After a rough grid-search,
we settled on the following values (parameters not mentioned in the following list are used with
the library’s default values):
1. Compustat
• num leaves: 50
• num estimators: 100
2. FactSet
• num leaves: 100
• num estimators: 100
3. Ecuador
• num leaves: 150
• num estimators: 600
4. FactSet on Factset
• num leaves: 200
• num estimators: 300
5. FactSet on Ecuador and viceversa
• num leaves: 200
• num estimators: 300

B Undersampling and model’s performance
As we mentioned in Section 2.2, throughout our work, both the training set and the test set are
undersampled. Would the performance of our model be di↵erent in an non-undersampled test
set?
When we go from an under-sampled dataset to a non-undersampled one, we sequentially include new firms’ pairs that are not connected by a link. Predicting existing links is challenging
for our model, but predicting correctly the non existence of a link is very easy: while existing
links are the needles in the haystack, non-existing links are the hay. Even a straightforward model
that randomly predicts one existing link every 200 (the subsampling ratio of our training set) will
guess correctly 99.5% of the times, having no significant impact on the false positive rate.
Fig. 13 shows empirical evidence to support this intuition. We trained our model on FactSet as
described in the main body of this paper and then tested it on a series of test sets with increasing
subsampling ratios. As can be seen from the plot, the model’s performance improves slightly by
including more negative examples in the test data and gets stable for values of the subsampling
ratio greater than 500.
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Figure 13: AUROC values varying the undersampling ratio of the test set.

C

Exponential-Family Random Graph Models

An ERGM is a probability distribution over the set of possible networks connecting a collection of
N nodes. It takes the form:
P(X = x) = k(✓)

1

where

exp (✓ · z(x)) ,

h i
• X = Xij is a random adjacency matrix,
• x is a specific realization of X,
• ✓ is a vector of model parameters,
• z(x) is a vector of network statistics,
• k(✓) is a normalization constant.
ERGMs are popular in the study of socio-economic networks because they can deal with nodes’
covariates (e.g., the sales of a firm), dyadic properties (e.g., the reciprocity of an edge), and the
features of the full network (e.g., the expected density); as a result they can shed light on the
mechanisms driving network formation (see Krichene et al. (2018)). We briefly discuss how we
fitted this model and used it for link prediction.
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Fitting. The ergm R library is a standard for working with ERGMs. From a network and a list
of features to include, it provides estimates of the coefficients of an ERGM through a (pseudo)
likelihood maximization procedure. We included the following statistics (we report in typewriter
font the name of the R functions):
• edges = number of edges,
• transitive = number of triangles / transitivity,
⇣
⌘
P
• nodecov(f) = (i,j)2X + f i + f j ,
P
• nodeicov(f) = (i,j)2X + f j ,
• absdiff(f) =

P

(i,j)2X +

fi

fj ,

where X + is equal to the set of the coordinates of existing links and f is either sales, productivity,
R&D intensity. The first two functions have a straightforward interpretation: they measure the
expected number of edges and transitive triads in the network. The following two measure the
e↵ect of the feature f (i.e., they answer to questions like: is a link more likely to exist if the
suppliers’ sales are larger?). The last one computes the expected di↵erence between connected
firms’ features. For a complete description of these functions see the ergm package documentation
(Handcock et al. 2019).
Link prediction. Once the distribution is fitted to the data (i.e. once we have an estimate for ✓),
using an ERGM for link prediction is straightforward. Consider predicting a link between firm i
and firm j, that is, predicting whether the adjacency matrix entry Xij is equal to one or equal to
zero. Let us define Xc as the rest of the network, Xc = {Xkl } 8 (k, l) , (i, j). For example, consider the
following network G, where we know the presence/absence of each link except the one between 2
and 3:
2

1
3

4

We may represent the adjacency matrix as
2
660
66
60
x = 6666
660
4
0

1
0
0
0

1
?
0
0

3
077
7
1777
7.
17777
5
0

We want to find the probability that x2,3 = 1, while the rest of the matrix xc is equal to
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2
660
66
60
xc = 6666
660
4
0

3
1 1 077
7
0 · 1777
7.
0 0 17777
5
0 0 0

We can define two networks: G+23 , where x23 = 1 (figure on the left), and G
on the right); we call x+ and x their adjacency matrices.

4

2

2

1

1
3

23 ,

x23 = 0 (figure

3

4

Now let us assume we know xc , so we can define
p + = P (x23 = 1|xc ) ,
p = P (x23 = 0|xc ) .
We have

p + + p = 1.

We also know that

If we now define

23

p + = P (G+23 ) = k(✓)

1

p = P (G

1

23 ) = k(✓)

exp (✓ · z (x+ )) ,

exp (✓ · z (x )) .

= z (x+ ) z (x ), we can write
!
!
p+
p+
log
= log
=✓·
p
1 p+

23 ,

and

e✓· 23
.
1 + e ✓· 23
This procedure can be generalized to any desired network and link. Note that throughout the
previous discussion, we assumed a fixed value for ✓,i.e., we assumed that - once calibrated - the
parameters of our model would not change. This assumption is coherent with our experimental
procedure: we first calibrate the model using the whole network data (thus obtaining a single
value for ✓) and later use this model for link prediction. The previous discussion would have
been in agreement with a di↵erent yet sensible approach: calibrate the model on the observed
portion of the network, again obtaining a single ✓, and then use this model for link prediction12 .
p+ =

12 While sensible, this approach is technically more challenging to implement with the standard libraries used to fit
ERGMs.
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A consequence of using a single ✓ is that, as can be seen in the last formula for p + , one does
not need to go through the difficult challenge of computing the normalizing constant k (✓) (also
known as the partition function) to find a link’s odds to exist. However, it is worth mentioning
that in the literature, one can encounter a di↵erent approach, where p+ and p are computed
using two di↵erent models, one fitted on G+ and the other fitted on G . This procedure leads to
a slightly di↵erent formula (see Kumar et al.), which falls back to the one we showed, assuming
that, in a large network, the presence or absence of a single link would not generate a significant
di↵erence in the values of ✓.
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