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Abstract

The efficient distribution of bank notes is a first-order responsibility of central banks. We study
the distribution patterns of bank notes with an administrative dataset from the Bank of
Canada's Currency Information Management Strategy. The single note inspection procedure
generates a sample of 900 million bank notes in which we can trace the length of the stay of a
banknote in the market. We define the duration of the bank note circulation cycle as beginning
on the date the note is first shipped by the Bank of Canada to a financial institution and ending
when it is returned to the Bank of Canada. In addition, we provide information regarding where
the bank note is shipped and later received, as well as the physical fitness of the bank note
upon return to the Bank of Canada's distribution centres. K-prototype clustering classifies bank
notes into types. A hazard model estimates the duration in circulation of bank notes based on
their clusters and characteristics. An adaptive elastic net provides an algorithm for dimension
reduction. It is found that while the distribution of the duration is affected by fitness measures,
those effects are negligible when compared with the influence exerted by the clusters related
to bank note denominations.

Bank topics: Bank notes; Econometric and statistical methods; Payment clearing and settlement
systems
JEL codes: E42, E51, C52, C65, C81



1 Introduction

Underlying and sometimes unseen network structures shape the observed outcomes across dif-
ferent markets. Human behaviours like crime, substance abuse, and educational achievement,
among others, are significantly affected by the social network spanned by each individual (see,
e.g., Jackson (2008) and references therein). More complex structures developed by individuals,
such as financial systems, are also governed by network interactions. Exploring the network
characteristics that affect an individual’s behaviour provides important insights on the role that
networks play in determining overall outcomes.

One particular market where the network structure is the cause as well as the consequence
of human social interaction is the market of money circulation in a country. In Hobbes’ (1996)
Leviathan, there is a comparison of the economic structure of a nation as a human body, and
bank notes are like the blood cells in the human circulatory system. The flow of bank notes
among agents is a necessary condition for economic transactions to occur; therefore, the flow
of bank notes literally fuels the economic engine of a nation. Following the circulatory system
analogy, it is important to understand how this fuel that is being distributed among agents
arises. This task is undertaken here in a novel way, going beyond the bloodstream and studying
the cells themselves through the lens of big data analytics.

Our research uses the Bank of Canada’s Currency Inventory Management Strategy (IMS)
study of bank notes. IMS uses high-speed scanners to collect detailed images from each bank
note in the Bank’s possession. This results in a unique dataset containing records that track
the events throughout the circulation cycle of every bank note issued by the Bank of Canada, as
well as information about when the bank note was created, where it was shipped to, and when
it was returned to the Bank. For this paper, we have a sample of over 900 million bank note
unique scan records. The scan records span from August 2017 to July 2018. This dataset allows
us to build networks at two levels: the region and the financial institution.! Specifically, for the
latter, we examine the financial institution that receives the bank note from the Bank and the
financial institution that returns it to the Bank.

We first present an exploratory analysis of this unique dataset addressing the bank note
circulation patterns that can be identified. K-prototypes clustering is then implemented to
classify bank notes together into clusters of bank note types. These clusters are then used as
features when fitting a hazard model for the duration of circulation of bank notes in Canada. For
this paper, the object of analysis is the duration of the first circulation cycle of the bank notes.

The circulation cycle, or stay in the market, begins with the shipment of the note to the financial

'Due to confidentiality reasons, we do not name them.



institution and ends when the note is returned to the Bank of Canada. An elastic net algorithm
is then used to select the best accelerated failure time (AFT) model for circulation duration.
We find that while the distribution of the duration is affected by the scanned fitness measures,
their effects are negligible compared with the influence exerted by the clusters associated with
bank note denominations.

The paper is organized as follows: Section 2 describes how the data have been collected,
their structure, and contained information. Section 3 provides insights about the recovered
network structure implied by the data, while Section 4 explains how machine learning community
detection (clustering) algorithms are used here to uncover bank note types. Section 5 provides

the results from fitting a hazard model, while Section 6 concludes.

2 Single Note Inspection Data

2.1 Imnstitutional Background

The Bank of Canada supplies financial institutions (FIs) with the bank notes they require to
satisfy public demand through the country’s Bank Note Distribution System (BNDS); see Bilkes
(1997) for details.? At the centre of BNDS are the Bank of Canada’s two cash processing centres,
also known as Agency Operations Centres (AOCs), located in Montréal and Toronto.

The two AOCs are responsible for the distribution and secure storage of Canadian currency,
mechanized note processing of financial institution deposits, and destruction of unfit note de-
posits. Under the distribution system agreement, these AOCs supply notes to FI Regional
Distribution Centres (RDCs) located in 10 key cities across Canada, known as Regional Distri-
bution Points (RDPs).

The inventory of bank notes is held at the RDCs and is distributed by the member FIs
throughout their networks. In addition, the RDCs also supply bank notes to other Fls that
are not part of the BNDS. The inventories are managed through an automated system used
by the Bank of Canada and FIs, known as the Note Exchange System (NES), to facilitate the
distribution, withdrawal and deposit of bank notes.

The NES maintains the record of inventories across all RDCs in Canada. The NES is
used to identify and reallocate surplus inventories between RDCs, receive and fulfill withdrawal

orders from FIs, and send instructions to the cash-in-transit (CIT) companies. In addition, the

2We thank Jean-Frédéric Demers (Director of the BNDS) for sharing his knowledge and the internal document
of the BNDS which forms the basis of Section 2.1 Institutional Background.



NES provides a tool to forecast demand, and transmits the end-of-day balance to the Bank of
Canada’s general ledger.

The Bank of Canada maintains control over the flow and quality of bank notes by removing
unfit notes from circulation and supplying new or fit notes as required. FIs ship their unfit notes
to their RDCs, which are transferred by CIT companies and by air to the AOCs for processing.
Paskarathas et al. (2017) provides a graphical representation of the BNDS system.

2.2 Structure of the IMS dataset

Recently, the Bank of Canada instituted single note inspection, which allows for a digital analysis
of all bank notes in the IMS. The IMS is a unique dataset containing records that track the
events throughout the duration of every note issued by the Bank. The collection of digital
images for every note in the IMS has been part of the Bank of Canada’s efforts to transition
from a regularly implemented method of tracking bank notes based on sampling with human
supervision to a more technologically advanced framework. Until late 2015, the Bank of Canada
regularly sampled around 4 million notes from its inventory to try to assess the quality, or fitness,
of batches of bank notes. The new system allows the Bank of Canada to track the movements
of 22 million notes per month in a regular period, and up to 45 million notes per month in a
peak period.

The new system uses high speed scanners to collect detailed images from each bank note.
This allows the Bank of Canada to observe 22 fitness dimensions for each scanned note. From
these recorded characteristics, the Bank of Canada can calculate statistics that summarize the
wear and tear that each bank note has endured. A description of each of these 22 dimensions
can be found in Table 1. The work of Paskarathas and Balodis (2019) uses the same set of
fitness features and principal component analysis to try to establish associations among those
note characteristics. The fitness status of note ¢ is determined as follows: for each dimension
di,, where k = 1,...,22, we observe the indicator function ¢y, = 1{dy > l;}. If ¢;r = 1 we say
that the note 7 is considered unfit on dimension k. For example, if any note has a “front stain”
level greater than 8, we consider the note unfit on the dimension “front stain.” Then, a note is

considered unfit if max{¢;1,...,¢;2} = 1.
[Table 1 about here.]

Additionally, the data contain time stamps for: i) the shipment of the bank note from a Bank
of Canada deposit centre; and ii) the receipt and scan of the bank note once it leaves circulation

and is deposited back with the Bank of Canada by an FI. The data also contain geographical
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information regarding the region of the deposit centre that shipped/scanned the bank note, and
which FI required/deposited the note. These variables allow us to build a variable to describe

7

what we call a “cycle,” which is central to the analysis in this research. A cycle can be defined

as the set of six elements:

1. Origin: the distribution centre from which each bank note was shipped.

2. Destination: the distribution centre where the bank note was deposited back.
3. Requesting F1.

4. Depositing FI.

5. Ship time stamp.

6. Scan time stamp.

Each bank note can have zero or more cycles associated with it. For example, a bank note
that was shipped but has not been deposited back lacks three elements of the cycle, hence it
has zero cycles associated with it. A bank note can also exhibit more than one cycle if it was
shipped to the market and deposited back more than once. A graphical description of the life
of a note is depicted in Figure 1.

In the cash industry, the lifetime of a note is defined as beginning when a note is first
produced, at the moment of printing, and ending the moment it is destroyed. An important
part of a bank note’s life cycle is the time it spends in circulation (circulation cycle in Figure
1, bottom rectangle). Therefore, our analysis focuses only on the first time a bank note is put

into circulation and when it is received back from circulation, i.e., its first circulation cycle.
[Figure 1 about here.|

The data in its pure form is a set of relational databases linked by a unique identifier:
the bank note serial number. The construction of the cycle and its duration involves pairing
records through the serial number on each of the tables on the relational dataset. After the
matching process is performed, we retrieve the elements of a cycle associated with each bank

note. Therefore, we can describe such cycles and build networks at three levels:

1. Region level: This is the less complex network where the edges are formed by the paths
among 10 regions. These paths are constructed using data of the deposit centre region

where the note was shipped, and the one where it was deposited back.



2. FI level: This has a medium level of complexity, and involves the financial institution
that received the bank note from the Bank of Canada, and the financial institution that
deposited back the bank note. For this case, a financial institution is assumed to be an
independent unit in each of the regions that correspond to the deposit centre. For example,
if Bank A has a presence in regions X and Y, then for the purpose of this network, this
represents two nodes, Bank (A,Y) and Bank (A,X). This yields a network with 40 nodes.

3. Bank note as nodes: This level involves changing the unit observation to the bank note.
In other words, each node in the network is given by a unique note. The edges are built
around the paths they travelled, time frames, and other characteristics. This yields a

network with around 6.7 million nodes.

Due to confidentiality requirements, only the region-level network is described in the next
section. This paper analyzes solely the region level network. The analysis of more granular

network structures is left for future research.

2.3 Sample description

The sample obtained for this analysis includes several data tables that provide a wide variety of
information on individual notes. The shipment and scan data tables contain the most relevant
information. The first contains around 600 million records of bank note shipments that range
in time between July 2015 and April 2018; the second consists of nearly 300 million records of
scanned notes corresponding to the period from August 2017 to July 2018. The first step in the
analysis of this data is to eliminate possible duplicates in the data. We use the serial number of
the note along with other characteristics to make sure we obtain unique records of notes up to
a specific date.

The evolution of shipments and scans of the sample over time is depicted in Figure 2. The
upper panels show only the evolution of shipments and deposits over time. The lower panels
of Figure 2 show how scattered across time the shipments are by denomination in this sample.
This is not surprising, since shipments are made in big lots. The deposits, which are the result
of market factors, have a more consistent evolution; however, it is important to notice that the
portion of notes whose denomination could not be identified is quite sizeable. In both samples,
the 20-dollar notes have the greatest share. However, we cannot observe any shipment of 20-
dollar notes in our sample after 2015. This is because the tracking of shipments of 20-dollar

notes was not active after 2017.2 We face a similar issue with the 50-dollar notes. Because the

3The tracking of shipments is still in a pilot phase; it is being rolled out for several denominations in different



shipments that are tracked are in a different period than that of the other denominations in the

sample, we decided not to include the 20-dollar and the 50-dollar notes in our sample.
[Figure 2 about here.|

In addition to the previous information, the corresponding characteristics of the scan data
were also obtained. There are roughly 900 million records for the information including all
denominations. However, after the data cleaning process, the sample reduces to a total of 179
million records of shipments and a total of 165 million notes deposited. The final sample allows
us to match all the events in which a bank note is involved, through its unique serial number and
other relevant characteristics. In turn, this provides the opportunity to build the geographical
paths where each bank note travelled. After matching, the data consist of around 6.7 million
observations. We then filter for those notes that have more than one cycle. This is the main
difference from the analysis performed by Paskarathas et al. (2017), where they allow for both
right censoring and the possibility of multiple cycles. In contrast to this analysis, they focus on
the total time it takes for a note to be considered unfit for circulation. Instead, we keep in the
sample only those notes that have appeared once, at most. The particular group of notes that
is left out is a small portion of data; around 98% of the notes are observed in the sample once,
at most.

The 6.7 million matched notes provide a large amount of data that can be analyzed in
several different ways. However, duration is the central feature of this research. Figure 3 shows
the composition of the matched sample. First, the upper left panel shows the denomination
prevalence. All three denominations are represented by a relevant number of notes in the final
sample, and the most prevalent denomination is the CAN$10 note. This means that our analysis
will have validity for any of those denominations. Next, on the upper right panel, we find the
proportion of notes that have been deemed unfit by the scan process. The sample shows around
5% of the notes have been deemed unfit. While the ratio seems small, in practical terms this
represents a sample of around 300,000 bank notes from which we can derive inference. The lower
left panel shows the percentage of notes that were deposited back in each of the 10 regions. The
largest shares correspond to regions 1, 5, and 7, which in turn corresponds to the regions that are
able to draw more notes than the others. Since the Bank of Canada cannot control where these
notes are deposited back, one reasonable explanation for this pattern is that it is a consequence of
market transactions. Finally, the lower right panel shows the share of notes that were shipped

to each region. The largest share of notes was sent to region 5. The notes are sent to the

periods of time.



market in each region according to the FIs’ requirements. Interestingly, observe that for the
case of region 1, the share of notes sent to that region is larger than the portion of notes that it
deposits back. This result is a sign of movement of notes between regions that is not put into
action by the Bank of Canada.

[Figure 3 about here.]

The elements shown in Figure 3 play key roles in the analysis regarding the geographical
movements of the notes. The paths that the notes have travelled can be characterized by these
four elements. This analysis constitutes a unique exercise to better understand the underpinnings
of bank note circulation in the Canadian economy. Most importantly for this document, these
elements will be crucial in understanding the determinants of the duration of circulation of a

note in the market.

3 The Network and Spatial Patterns of Bank Notes

3.1 The Cycle Duration and Bank Note Fitness

The most notable feature when characterizing a bank note cycle is the time it takes to be
completed, which we call the duration. Specifically, we focus on the time that passes between
when a note is first shipped from the Bank of Canada and when it is first returned. We can
analyze the distribution of the duration with respect to different groups of bank notes. For
example, if we group bank notes by denomination, we can observe how their time in the market
differs between groups. Additionally, we can group the bank notes by their fitness status.

Figure 4 gives a sense of the distribution of duration when we consider these two dimensions.
[Figure 4 about here.|

One can draw several implications from Figure 4. First, the median duration of a bank note is
shorter for small denominations (5- and 10-dollar notes) compared with the large denomination
(the 100-dollar note). This result is true regardless of the fitness status. Second, unfit bank
notes, at the median, regardless of their denomination, show similar or larger duration values—
e.g., the unfit 5-dollar notes have around the same median as the fit 5-dollar notes; the unfit 10-
dollar notes have a larger median than the unfit 10-dollar notes; and the fit and unfit 100-dollar
notes also have around the same median. Finally, the location and shape of the distribution of
duration seem to follow denomination-specific patterns, i.e., changes in the location and shape

distribution of duration are less noticeable across fitness status.



The first finding is related to the nature of the usage of bank notes. Lower denominations
(CANS$5 and CAN$10) are involved in a higher number of everyday transactions. Therefore, it
is not surprising that the CAN$5 bank notes have a shorter stay in the market than the CAN$10
bank notes. Since there is a high number of transactions, we can conjecture that the CAN$5
bank note should be more likely to be deemed unfit than a CAN$10 note at any point in time.
A similar statement could be made when comparing CAN$5 with CAN$100, or CAN$10 with
CAN$100. However, the CAN$100 bank notes’ duration distribution behaves differently than
expected.

The CAN$100 bank notes show a duration distribution that is vastly more dispersed than
that of other denominations. Also, the duration distribution of these notes is considerably shifted
towards zero with respect to the other two high value denominations. The median duration of the
CAN$100 bank notes is even lower than that of the CAN$5 bank notes. One possible explanation
is the different logistics and management of CAN$100 bank notes. For example, CAN$100 bank
notes are not available at automated teller machines (ATMs); consumers would need to obtain
these notes directly from the physical bank branch. This different management could end up
accelerating the life cycle of the CAN$100 bank notes beyond the factors that explain the
behaviour of the other denominations. Jiang and Shao (2019) pose a possible explanation for
differential velocity based on retailer behaviour. Retailers, due to operational costs, are more
likely to require lower denomination bank notes to make change for their customers. These
retailers would keep lower denominations in situ, and use the large notes to make large deposits
with financial institutions.

The second finding is more aligned with what one would expect. The bank notes in the
sample deemed fit have, at the median, a shorter stay on the market than those deemed unfit.
This result is true for the CAN$5, CAN$10, and CAN$100 bank notes. The pattern holds beyond
the median. To demonstrate this more clearly, Figure 5 shows the cumulative distribution of
duration for each denomination and by fitness status. Notice that fit note duration dominates
the unfit for CAN$5 and CAN$100. In other words, for every percentile in the distribution of
duration, the duration of fit notes is shorter than unfit notes. For CAN$10 the difference is
difficult to observe on the graph. The results show that every percentile difference is significant,
with different signs depending on the percentile, but close to zero. Hence, we cannot reject the
hypothesis that distributions of the two samples are equal. This difference could be significant
due to the large sample that induces very small standard errors in the estimations. It is worth
mentioning that the CAN$100 duration shape is different than other denominations. It has a

more concave distribution, which suggests a different behaviour in the market.



[Figure 5 about here.]

The last finding is related to the role that denomination plays in determining the length
of stay in circulation. A suitable hypothesis is that the main driver of changes in duration is
the denomination of the bank note. While fitness does affect the duration distribution, these
changes are relatively small when compared with the changes induced by denomination. For
instance, Figure 4 clearly shows how every distribution across the fitness status changes only
marginally, yet the change is dramatic across denominations. One possible explanation for this
behaviour is related to the reasoning presented before for the first finding: the use of notes and
the profile of the users change dramatically with denomination.

Finally, we take a geographic approach to this analysis and break down the duration by
region and fitness status. The results are presented in Figure 6, which shows heterogeneous
patterns of duration across regions. Region 1 shows the most distinct pattern: for this region
the whole distribution is shifted towards zero and it has a higher dispersion in duration than
any other region. This behaviour can be caused by a situation where the notes scanned in this
region have a shorter stay in the market compared with every other region. Without disclosing
the name of this particular region, we can assert that there is no compelling economic reason to
believe that this region could have such a different behaviour than other nearby regions. The
importance of understanding the paths travelled by the notes, hence the network they trace,

becomes self-evident.

[Figure 6 about here.]

3.2 Money Circulation Network

The previous sections have focused on the description of the velocity of bank notes’ circulation,
quality, and denomination heterogeneity. An additional analysis can be performed regarding
the circulation patterns through the network formed by regions. As described in Section 3,
the network spanned by different actors involved in the distribution of bank notes allows us to
analyze the flow of notes on the edges of the network. This circulation network is a directed
graph composed of non-reciprocal relationships. Furthermore, the quantity of notes that are
being sent and received across different regions may be totally asymmetric. It is important to
mention that the adjacency matrix that serves as a base for the construction of these networks
has a diagonal of non-zeros.

The first way to visualize this is through an actual adjacency/transition matrix. Figure 7

shows the share of notes that were sent between regions. The vertical axis lists each region 7 to
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which notes were sent. The horizontal axis lists each region 7 from which notes were redeposited
and scanned. Then, each cell (i, j) represents the share of notes that were sent to region i and
were redeposited at region j. It is natural to observe larger shares along the main diagonal of the
matrix. In other words, notes are more likely to travel between regions that are closer to each
other. Additionally, notice that the main diagonal concentrates around 60% of all note flows.
The implication then is that the majority of the flows follow a geographic sensible pattern,
i.e., the notes stay in the region where they were shipped originally. However, notice that a
sizeable portion of notes, around 24%, are actually sent from region 5 bounded to region 1. This
movement, which escapes the proximity logic, represents a physical movement where the notes

travelled through the economy between two places that are geographically far apart.
[Figure 7 about here.|

A second way to approach the same problem is to represent the flow of notes as a network.
We can map the flow matrix we observed in Figure 7 into a graph by letting the set of nodes be
the set regions, and a set of hyperedges be the connections between regions. For example, a note
that travelled from region i to j is going to be an element of the hyperedge (i, 7). Then we can
characterize each hyperedge by aggregating outcomes on each of the notes that belong in it. For
the sake of tractability, we define weights for the edges as follows: the percentage of notes that
one node is transferring to another as a proportion of the total quantity of notes transferred in
the network. Figures 8 and 9 depict the circulation patterns across the 10 distribution centres
that are observed in the sample. It is important to remember that these flows do not imply
the direct shipment of notes between RDCs. Instead, they imply movements of notes caused by
market transactions—notes that were originally sent to node i are being collected back in node k.
The number associated with each node gives the code representing each region.* The size of the
nodes is a representation of the in-/out-degree statistic of the node. For both graphs, the darker
edges represent a higher volume of transactions between nodes. In Figure 8, the bigger nodes
are the regions receiving relatively more bank notes. Conversely, the bigger nodes in Figure 9
are the regions from where relatively more bank notes are moving away. For instance, the fact
that region 1 in Figure 8 is bigger for the CAN$100 bank notes means that large quantities of
CANS$100 bank notes are being scanned in that region after being shipped to regions like 6 or
7. The principal destination of the notes can be inferred by the darkness of the edge.

[Figure 8 about here.|

4The computations for network structures and statistics were performed using the networkx, and the graph

by PyGraphviz modules for Python 3.7.
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From the two graphs, interesting patterns appear. First, when analyzing the behaviour
across all notes, regions 1 and 5 are the recipients of most bank notes. The pattern does not
change when we break down the analysis by denomination. Notice that in the graphs for CAN$5
and CAN$10, we observe the presence of more edges. Furthermore, these edges depict several
numbers of bipartite relations between region 5 and the rest of nodes. This relationship is a
clear indication that this region has a high centrality in the network representing the flow of
these bank notes. However, this relationship is not the case when we analyze the CAN$100.
The CAN$100 bank notes have a clearly different behaviour pattern in comparison to other
denominations. Regions 1 and 7 are consistently receiving CAN$100 denomination bank notes
from all other regions. Most importantly, notice that such flows do not lead to important flows
in the reverse direction. Combining these findings with the information coming from the shares
of notes staying and moving across regions in the matrix of shares in Figure 7, we can argue that
a large share of notes, mostly CAN$100, travel in one direction, towards region 1, and stay there
until deposited. This means that at least one-quarter of the notes travel a large geographical
distance, with no particularly compelling economic reason, towards a single point that seems to
only attract notes and not send them back. Intuitively, this would lead to the implication that
there is a large number of economic transactions where region 1 absorbs CAN$100 notes from
all regions, but very few where the opposite happens.

When we examine the out-degree flows, notice that the most important region across all bank
notes is region 5. The pattern remains the same across denominations. This suggests that region
5 is a particularly important economic centre, because it circulates most of the bank notes in the
economy. Interestingly, the role of region 1 diminishes in terms of out-degree. Intuitively, this
means that this node plays a small role when it comes to sending bank notes to other regions,
specifically in the case of CAN$100. To explain these flows, the next section uses data-driven

techniques in order to use the characteristics of each bank note on the hyperedges.

[Figure 9 about here.|

4 Banknote Clusters

This section explores the characteristics of bank notes in more depth. To do this, we impose some
structure on a highly dimensional dataset, and in doing so we uncover patterns that may relate
to the network flows we documented in Section 3. The network we observed consists of nodes,
regions, edges, and flows of bank notes. Hence characterizing the bank notes is equivalent

to characterizing the flows of bank notes among regions. By classifying bank notes by their
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characteristics, we are intrinsically creating heuristic relations among them. These relations are
expressed as the condition of belonging to a particular set of bank notes called a cluster. The
main purpose of clustering bank notes is to explore the configuration of each cluster regarding
its bank note characteristics. This empirical exercise allows us to gain insights into the way bank
notes are performing in the economy, and provides crucial control information for the estimation
of conditional hazard models in the next section.

We can sum up clustering in its most basic conception as minimizing the distance among
nodes inside the cluster while maximizing the distance between clusters. The most popular clus-
tering method is “K-means,” (see, i.e., Jain (2010) and reference therein), which was discovered
independently in several fields (Steinhaus (1956); Lloyd (1982); Ball and Hall (1965); MacQueen
et al. (1967)). In its simplest form, this algorithm classifies observations using the distance of
each observation to some K-means on the feature space. The algorithm first picks K observations
from the data, and labels them as centroids. Then, one calculates the distance of every point in
the dataset to each centroid. For each centroid there is a cluster; each observation is assigned to
the closest centroid. From this classification we can obtain a mean squared error (MSE). Next,
a new centroid is computed as the mean of the just-constructed clusters. The clustering repeats
itself until the MSE converges. For the specific dataset we are using, we cannot directly use such
a method. This is because a large number of variables in our dataset are categorical variables.
The K-means method has only been proven to converge locally in the context of continuous
variables. To take this possibility into account, a modification to the K-means algorithm is
needed. There are several possibilities to tackle this task; see Szepannek (2018) and references
therein. However, we use the strain of methods that follow the K-prototypes algorithm in Huang
(1998), particularly an R implementation by Szepannek (2016). For completeness and following
the description in Szepannek (2018), we now summarize the method. The dataset consists of n
observations and a set of p random variables, x;, 2 = 1,...,n. To start the algorithm we assume
there exist k prototype observations p;, 7 = 1,2,..., k. We can construct ¢;; € Cy,x) a binary
partition matrix where 2521 cij = 1. Then we can choose the partition matrix that minimizes

the objective function:

gnnixfizzcm'd(%uj% (4.1)

where the distance function d(-) is defined as:
q

d(wip) =Y (@ = p)?+ X > I # ). (4.2)

m=1 m=q+1
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The first term concerns the first ¢ continuous variables with the square of the Euclidean distance.
The second term concerns the p — g categorical variables. The latter, the count of mismatches,
is penalized by a parameter A which assigns less or more importance to the categorical data. In
our implementation, the parameter is chosen “optimally” based on the data according to the
guidelines in Huang (1998) and Szepannek (2018).

The clustering would be indicative that notes have grouped, almost naturally, into well-
defined groups according to their characteristics. Therefore, the choice of number of clusters
becomes very important. In other words, we need a criterion to specify the number of clusters
used in the algorithm. Following common practices in the literature, we performed the procedure
using several numbers of clusters ranging from 1 to 15. We also computed several metrics of
precision of the method, e.g., C-index, Gamma index, Dunn index, among others; see Charrad
et al. (2014). Along with these criteria we also used the number of clusters that explained the
most significant changes in the sum of squared distances. This method is known as the elbow
test.

After computing the clustering scenarios, the tests coincide in two clusters as good choices
for K. To perform K-means clustering, we have used our sample of matched notes. The matrix
X considers 60 features in total. The matrix has been first standardized in order to improve
the performance of the K-prototypes algorithm. The features include: fitness measures (see
Table 1), origin of the bank note, and destination of the bank note, among others. The results
for the clustering exercise are shown in Figure 10. The clusters are somewhat evenly sized, with
53.1% and 46.8% of the notes on clusters 1 and 2, respectively. This classification allows us
to benefit from the rich structure of the data to form groups, and after classification it also
allows us to analyze a selection of features in each cluster. In this sense, we have employed this

technique as a sort of dimensional reduction technique.’
[Figure 10 about here.]

The high dimensionality of the data poses a challenge to try to characterize each cluster in
a meaningful way. Our approach is to select the features that are most relevant to the purpose

of this analysis. The selected features to analyze in each cluster are:

1. Duration: period of time, in days, between the moment the note is shipped from the

Bank of Canada and the moment it is deposited back into the Bank of Canada.

5The procedure was implemented using the module clustMixType in R.
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2. Scanned region: share of bank notes that were scanned in each destination. As previ-
ously discussed, the destination of the bank notes is one of the traits that has shown more

interesting results in Sections 2 and 3.

3. Denomination: specifically, we examine the proportion of bank notes by denomination
within each cluster, as the denomination structure is a main predictor of bank note dura-

tion.

4. Year of scanning: proportion of bank notes scanned in 2017 or 2018. These are the two

years for which deposit information is available.

5. Year of shipment: proportion of bank notes shipped in 2017 or 2018. These are the two

years for which deposit information is available.

6. Fitness status: proportion of bank notes deemed fit by the IMS data study after being
deposited.

The features we have selected respond to two criteria. They must be conceptually compelling
and have shown relevancy in the description of the data. The description of each cluster, based
on the previously mentioned features, is shown in Table 2. One observes that the mean duration
is very different for each cluster; coincidentally, the mean duration decreases with the label of the
cluster. Dispersion of the duration measurement is lower within the first cluster. An additional
interesting trait picked up by the cluster classification is the diversity of the scan location of the
bank notes. There is a region that is more prevalent in each cluster. In the case of cluster 1,
almost half of the notes were scanned in region 5. In cluster 2, almost 60% of the notes were
scanned in region 1. In terms of denomination, the structure is different. Cluster 1 has a large
proportion, around 80%, of CAN$10 notes. Meanwhile, cluster 2 has around 70% of CAN$100
notes. The remainders, in both clusters, are composed of CAN$5 notes. Regarding the scan
year, cluster 1 is composed almost exclusively of bank notes scanned in 2018. Cluster 2 has a
larger portion, around 30%, of notes that were scanned in 2017. The shipping of notes in the
sample was almost exclusively done in 2017. Regarding the fitness status of the bank notes, we
can see that cluster 1 has a larger prevalence of fit notes, around 97%, compared with 92% in

cluster 2.
[Table 2 about here.]

Table 2 shows the following profiles:
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e Cluster 1 -[10—slower]: longest stay in the market, relatively lower dispersion; primarily
scanned in region 5 in 2018. Composed of a majority of CAN$10 bank notes. Shipped
almost entirely in 2018. With a 97% share of fit banknotes.

e Cluster 2-[100—faster]|: shorter stay in the market, relatively larger dispersion; primarily
scanned in region 1. Composed of CAN$100 bank notes. Shipped almost entirely in 2018.
With a 92% share of fit bank notes.

Notice that the network we are trying to characterize has, until now, a geographical structure.
Each deposit centre or region is considered a node. Hence we can characterize each node ac-
cording to the notes it receives. Also, consider that in the link between our network and the
bank notes, up to this point, the bank notes can be interpreted as elements in the hyperedges
between regions. We can think of the deposit centres and the flow of notes as macro features
of the network, while the bank notes themselves are micro features that characterize the macro
measures. In this sense, and regarding the patterns observed in Section 3, it is important to
analyze whether the classification of the bank notes into clusters is uniform across regions, i.e.,
across nodes. This could inform us about the cluster label and characteristics of bank notes that
are more prevalent in regions that have relatively higher/lower flow of bank notes in/out. We
break down the bank notes according to where they were scanned and obtain the proportion of

notes per cluster within each region. Results are shown in Figure 11.
[Figure 11 about here.|

In terms of bank note flow, one of the most interesting patterns mentioned before is the
strong connectivity between regions 1 and 5. The in-degree graph in Section 3 showed us a
pattern of bank note flow that is not clearly explained by economic activity between these
regions. In general, while heterogeneity does exist, it is possible to distinguish two groups of
regions: regions 2 through 9 are predominantly composed of notes in cluster 1, while the notes
in regions 1 and 10 mostly belong to cluster 2. This finding, along with the network description,
allow us to confirm that region 1 is something of an economic puzzle itself. Taking into account
the profile we built for cluster 2, this analysis shows that even from a data-driven analysis,
the particular behaviour of region 1—which mainly receives CAN$100—is not similar to any
other region’s behaviour. These insights come from a quick overview of the heterogeneity of the

distributions of the clusters.
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5 Hazard Model for Bank Notes

In this section, we analyze what factors influence a bank note’s duration in circulation. The
analysis in Section 3 showed how changes in the duration of stay in the market are correlated
to the denomination of the bank note. © We start by plotting the survival curves of a bank note
cycle.” In this context, the duration of a cycle of a bank note starts to be measured at the time
of shipment and ends at the time of scan. We are only concerned with the bank notes in the
sample, hence we do not take into account any right or left censoring.® Figure 12 displays the

Kaplan-Meier (KM) estimator of the survival curves for each denomination.
[Figure 12 about here.|

The results are consistent with the findings in Section 2. The duration in circulation of
the CANS$5 notes starts to decay after a period of around 100 days. Their failure rate steadily
increases from that point onward. A similar case can be built around the KM estimate for
CANS$100 notes. However, notice that in this case the curvature reverses, meaning the notes
are deposited back faster in comparison to the CAN$5 bank notes. Interestingly, the most
noticeable behaviour is that of the CAN$10 notes. These notes start to be deposited back after
200 days in circulation, twice as long as the CAN$5. This result is unexpected, since these two
notes should have some degree of substitutability in the market. Another interesting feature is
the very pronounced slope of the survival curve in comparison to the other denominations. We
observe that the CAN$10 survival rate goes from one to zero in a tight period between 200 and
400 days after the original shipping date.

We can analyze these observed features in the framework of the AFT models, see, e.g.,
Kalbfleisch and Prentice (2002). This class of models allows for the duration to be “accelerated”
by observable features of the units. In this case, we can observe how the duration changes with
respect to the features of the note. Since we are assuming neither left nor right censoring,
the specification can be estimated through the implementation of the ordinary least squares
(OLS) estimator. This in contrast to other work such as Paskarathas et al. (2017), who observe
right censoring and have to experiment with different model specifications and distributional

assumptions. Our specification for this model is then:

In(t;) = ;8 + e = fiv + kv + 2o + &, (5.1)

6 Paskarathas et al. (2017) conducted a study of the life cycles of polymer versus cotton substrate.
"The computations were performed using the lifelines module in Python 3.7.

8Since we are analyzing only one-cycle-complete spell durations, we can ignore left and right censoring as per

our sample description in Section 2.
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where t; represents the duration that bank note ¢ stays in circulation, f; is a vector containing
1’s recorded features, k; represents a set of dummies from the cluster classification, z; is a set of
interactions of origin, destination, timestamps, and the features included in f;, and ¢; represents
the standard regression error. In total, the number of regressors in this model is 360.

There is an issue of near multicollinearity given the sparsity of the data and the high number
of categorical variables included as features. This problem tends to inflate the coefficients of
the model and shrinks its standard errors. To avoid these problems, we implement statistical
learning regularization methods. These methods impose a penalization on the model’s objective
function so that the most relevant coeffcients can be selected. Popular methods within this class
include ridge regression and lasso. The elastic net proposed by Zou et al. (2009) combined with
double machine learning by Chernozhukov et al. (2018) is used here instead. This provides an
automated model selection mechanism as well as automatic inference in the resulting model.

The elastic net method, proposed by Zou and Hastie (2005),” can perform better than lasso,
or ridge, because it allows for grouped selection. For example, the lasso tends to select one
variable from a group and ignore the others that are highly correlated with it. In contrast, elastic
net regularization encourages grouping effects while stabilizing the L;-regularization path. This
approach tends to numerically break under conditions of near-multicollinearity. This is the case
of our data. We then use a two-step procedure (see, e.g., Zou (2006)) that provides a more
numerically stable approach to the selection of parameters using our data, i.e., Zou et al.’s
(2009) version of the adaptive elastic net. For the case of a linear regression, following Zou et al.

(2009), assuming the error is normally distributed with variance o2, it solves the problem:

p
B=(1+ Xz/n) {arggniﬂﬂln(ti) = XBII3+ A7 D @y |8 + AallBI3] } (5.2)
j=1
where |---| and || - || represent the L;— and Lo-norms, respectively, and w; comes from a

first-step implementation of the elastic net estimator. Specifically, the values @; are given by
w; = (] B;D*V The coefficients B]* are the coefficients of the elastic net estimation process in the
first step.

The tuning parameters A = (A}, A2)" are the only ones left to be chosen. Specifically, A] is
a regularization parameter that measures the “strength” of the L-1 penalization term in the
objective function. When A} = 0, estimating the model is equivalent to estimating a ridge
regression. The other parameter, Ay, determines the “strength” of the L-2 penalization term in

the objective function. If we set o = Ao/(A} + A2), one can see how close we are from a ridge

9The model was implemented in the package glmnet in R.
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or lasso regression, i.e., @ = 1 means that the resulting estimator is equivalent to using a lasso
estimator; when o = 0 the fitted model is equivalent to fitting a ridge regression model. The
results use the A that minimizes the MSE subject to a = 0.95 in a 10-fold cross-validation on a
grid of 100 \s.'

To obtain inference, we used a novel approach developed by Chernozhukov et al. (2018). The
estimation commonly referred to as double machine learning uses Neyman-orthogonal moments/
scores in order to achieve consistent estimators of the linear model coefficients. This estimator
grants asymptotic normality of the coefficients, hence it allows for the estimation of confidence
intervals for some parameters of interest. This method is more suitable in comparison to the
traditional way to use regularization methods, which report confidence intervals using a post-
selection linear regression. However, the cost of such a convenient feature is that we can only
make these inferences on a subset of the coefficients. For these exercises, and in view of previous
findings, the variables we are interested in are: fitness status, denomination, and cluster label.
This allows us to discern between the influence of quality, denomination, and the characteristics
associated with the profiles we mentioned in the previous section. The double machine learning
algorithm implemented closely follows the algorithm in Chernozhukov et al. (2018) and was
coded up using the R package glmnet. The implementation of the adaptive elastic net estimator
uses 10 folds each. Additionally, an OLS is estimated along with a “naive elastic net.” The last
one corresponds to fitting an elastic net model to select relevant variables, and then using OLS
on the selected set to estimate standard errors.

The result of the specification of the adaptive elastic net procedure is a list of four coefficients
along with their standard errors. The naive elastic net fits a log-normal linear model that takes
into account only those variables selected by the method. The OLS includes all variables which
are not multicollinear. In the original model, the changes were modelled using a comparison
case in order to avoid perfect multicollinearity that stems from the use of categorical variables
and aliasing. The base case considered for this exercise was a CAN$5 bank note scanned in the
month of January in the year 2017, shipped in the month of January of the year 2015, travelled
from region 1 to region 1, belonged to cluster 1, was considered fit, and had no damage in any
of the fitness measures.

The results of this exercise can be found in Table 3. Robust standard errors are used to
construct the z statistics and tests. All coefficients in the table are significant at a 99% level
of confidence. The coefficients are transformed to represent the rate of acceleration using an

exponential function. First, notice that the ADA-Enet implementation does show differences

10The value of o was chosen based on the speed of convergence of the resulting MSE.
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with respect to the other two estimation methods. However, these differences are very small.
This means that after we implemented a procedure to avoid near-multicollinearity, both OLS
and Naive Enet are close enough to the more robust results. In this particular case, the size of
the data could play a fundamental role in making the problems of near-multicolinearity shrink.
Since the three methods show a relatively similar size and sign, we interpret the coefficients for
one of the implementations.

The coefficients shown in Table 3 follow the findings from previous sections. Take, for
example, the coefficient on the CAN$100; it significantly decreases the duration with respect
to the base case scenario, CAN$5 notes. The opposite happens with the CAN$10 coefficient;
in this case the duration is positively affected, growing almost 2% with respect to the CANS$5.
These results differ from previous ones since they are able to partial out the effect of around 280
other variables through the implemented selection and projection methods. The results confirm
that the CAN$100 denomination shows a pattern of higher velocity. The explanation for this
particular phenomenon is unclear. On one hand, it could be that preferences to use larger
denominations for larger transactions increases the velocity of the CAN$100. On the other
hand, it could be that retailers are not willing to deal with large denominations. Something
that could shed light on this matter would be to repeat the same analysis including CAN$20
and CANS$50 notes. However, the present sample does not allow for that.

Another interesting insight that comes from Table 3 is the sign of the fitness status cate-
gory. Results suggest that compared with the base category—a note with no fitness problems—
changing the status to unfit does not dramatically alter the duration of the note. It does,
however, have a significant effect of 0.4% over duration. The dwindling size of the effect of this
variable can mean that the actual time when a note is deemed unfit is almost irrelevant to its
duration or that it is reflected in the cluster.

The opposite happens when considering the cluster dummies. Notice how the labelling of the
clusters has a very clear effect on the bank note duration with respect to the base case scenario.
The size of the coefficients is higher in comparison to those of the fitness measures. The base
case was built on CANS$5 notes that were split evenly across clusters. Remember that cluster 2
was primarily composed of CAN$100 bank notes, and the stay in the market of CAN$100 bank
notes was particularly shorter than other denominations, especially the higher denominations.
Also, cluster 2 was the most prevalent cluster label in region 1, where the anomalous behaviour

was present. Hence, the results shown in Table 3 are consistent with our previous findings.
[Table 3 about here.]

The analysis performed in this section corroborates the previous findings. The most impor-
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tant determinant of note duration is the denomination of the bank note. Other characteristics,
and their interactions, can play a role in determining other moments of the duration distribu-
tion; however, the location of the mean is affected mostly by the denomination. While these
results are not causal, they imply that any hidden factors, if they exist, that affect the duration

are most likely denomination-specific.

6 Conclusion

Recent survey evidence has highlighted the decreased usage of cash for point-of-sale transactions
in Canada (see Henry et al. (2018))), while Engert et al. (2019) document that cash demand
in Canada, measured as cash in circulation relative to GDP, has been stable for decades and
has even increased in recent years. To understand the potential difference in transaction versus
non-transaction demand for cash, we exploit the IMS network data to uncover bank note flows in
the economy. One of the most important components of these flows is the physical exchange and
movement of bank notes. Understanding the characteristics of such a network, and decomposing
each component of its units, allows us to better understand the way economic transactions occur
in an economy. Exploiting the uniqueness of the IMS data from the Bank of Canada, we first
explore such a type of network. While several features were described, the one that took the
central role in this research was the bank notes’ length of the stay in the market, i.e., the
duration in circulation.

Our analysis of the IMS data finds that one determinant of the duration of bank notes in the
market is the group of fitness measures of the bank note, which are statistically (not necessarily
economically) significant. We also find that the denomination structure of the bank note is
economically and statistically significant, after we analyzed the network structure traced by the
bank notes’ travels. However, the nodes that behave as principal senders and receivers persist
across all denominations. We compute the weighted in-degree and out-degree statistics for each
node in this directed network to analyze the importance of each geographical region in Canada.
In addition, we use the share of flows to analyze the importance of each edge of the network.
We impose structure through K-prototype clustering on the data to classify the bank notes
according to their features. Not surprisingly, even with a battery of confounding variables, the
bank note denomination emerged as one of the key clustering determinants.

To obtain more compelling evidence, we analyze the distribution of duration through survival
analysis. The unconditional analysis, with a Kaplan-Meier estimator of the survival curve,

shows that there are clear, different, and denomination-specific survival curves. Next, we use an
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accelerated failure time model with an elastic penalty to assess the main drivers of the duration.
The results show that the fitness measures are not the main determinants of bank note duration
but the cluster labels associated with bank note denominations are.

Our results are novel in that we find the duration in circulation of a bank note is related
to denomination-specific clusters. This result implies that certain bank notes are involved in
specific types of transactions that make certain denominations more or less likely to be deposited
back to the Bank of Canada. Understanding denomination structure will help to understand
payment choice; see Chen et al. (2019). Due to the non-causal nature of our results, we can only
speculate for now; however, denomination-specific patterns seem to govern this variable. There
are a variety of extensions that can be performed. For example, research could be undertaken
that focuses on the spatial and temporal features of the data to understand if there are underlying

unobserved factors that may confound the results. These are left for future research.
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Figure 1: Bank Note Life Representation
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Note: A typical “cycle” any bank note would pass through while in circulation. This figure is
reproduced from Paskarathas et al. (2017). The cycle can be tracked through each bank note’s
unique serial number. The life of a note is represented by the events (a)-(d). This paper focuses
only on the first cycle of circulation; in other words, only the first time the note is shipped to
financial institutions and returned to the Bank of Canada. Source: Paskarathas et al. (2017).
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Figure 2: Sample Distribution over Time
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Figure 3: Characteristics of the Matched Sample
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Figure 4: Bank Note Duration vs. Fitness Status
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Note: Graph is based on the sample of 6.7 million bank notes matched from every source, with
at least one cycle. Duration is measured in days, while “fit” and “unfit” follow the Bank of
Canada’s official definitions based on the recorded 22 dimensions of fitness. The boxplot shows
the lower and upper quartile values of the data with a line at the median, and the whiskers
extend from the box to show the range of the data.
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Figure 5: Duration Distribution
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Note: Graph is based on the sample of 6.7 million bank notes matched from every source, with
at least one cycle. Duration is measured in days, while “fit” and “unfit” follow the Bank of
Canada’s official definitions based on the recorded 22 dimensions of fitness.
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Figure 6: Duration by Region and Fitness Status
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Note: Graph is based on the sample of 6.7 million bank notes matched from every source, with
at least one cycle. Duration is measured in days while “fit” and “unfit” follow the Bank of
Canada’s official definitions based on the recorded 22 dimensions of fitness. The numbers from
1 to 10 in the horizontal axis are associated with the deposit centre region where the note was
scanned.
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Figure 7: Duration Distribution
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Figure 8: Directed Graphs for Bank Note Circulation Between Regions by Denomination (In-
degree)

(¢c) CAN$10 bank notes (d) CAN$100 bank notes

Note: The size of the nodes in each plot is given by a multiple of the “in-degree.” The edges
represent the share of all notes. They are coded in levels from thinnest to thickest following:
less than 0.1% (transparent), 0.1% to 1%, 1% to 5%,5% to 10%, and greater than 10%.
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Figure 9: Directed Graphs for Bank Note Circulation Between Regions by Denomination (Out-
degree)

) All bank notes (b) CAN$5 bank notes

=

c¢) CAN$10 bank notes (d) CAN$100 bank notes

Note: The size of the nodes in each plot is given by a multiple of the “out-degree.” The edges
represent the share of all notes. They are coded in levels from thinnest to thickest following:
less than 0.1% (transparent), 0.1% to 1%, 1% to 5%,5% to 10%, and greater than 10%.
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Figure 10: Distribution of Bank Notes over Clusters

Cluster 1

Proportion of notes (%)

Cluster 2

Cluster
Note: This graph is the result of applying the K-means algorithm to the sample of 15 million
matched bank notes that have completed one cycle at most. The clustering is done over the
space of 60 features of the bank notes, including fitness measures, geographical, and spatial
information.
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Figure 11: Proportion of Bank Notes by Cluster Across Regions
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Note: This graph breaks down the total number of matched bank notes by cluster and region
where they were scanned. The heterogeneity in the proportions for each region shows how the
flow of bank notes among regions differs greatly in terms of the types of transactions among
regions and within each region.
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Figure 12: Kaplan-Meier Estimates by Denomination
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Note: This graph shows the Kaplan-Meier estimator of the survival curve for the duration of
the bank notes’ stay in the market. The estimate is based on the individual duration of each
bank note. Each panel represents a subset of the sample according to the denomination of the
bank note. The pattern that emerges is that the survival curve differs greatly, depending on
the denomination. The notes with a faster rate of failure in their curves are the CAN$100 bank
notes. The CANS$5 and the CAN$10 bank notes show a slope that is less steep.

37



List of Tables

1 Fitness Dimensions Collected by Scanners . . .
2 Salient Features of Cluster Assignment . . . . .

3 Accelerated Failure Time: Bank Note Duration

38



Table 1: Fitness Dimensions Collected by Scanners

Category Parameter Description Threshold

Holes Hole Sum of holes (sq mm) 3
Sum Open Tear Sum of all open tears (sq mm) 4

Tears Max Open Tear  Longest open tear (mm) 2
Sum Closed Tear  Sum of all closed tears (sq mm) 8

Max Closed Tear  Longest open tear (mm) 8

Missing Corner Sum of all missing corners (sq mm) 15

Corner Faults Folded Corner Sum of all folded corners (sq mm) 70
Missing Edge Sum of missed edge (sq mm) 5

Edge Faults Folded Edge Sum of folded edge (sq mm) 5

Tape Tape Sum of tape area (sq mm) 100
Missing Foil Missing foil area (sq mm) 40

Foil Sum Foil Scratch ~ Sum of foil scratch lengths (mm) 150
Max Foil Scratch ~ Longest foil scratch length (mm) 20

Ik Wear Ink Wear - Front  Ink wear front (levels 0-15) 8
ca Ink Wear - Back  Ink wear back (levels 0-15) 8
Graffiti - Front Graffiti level - total front (levels 0-15) 8

Graffiti Graffiti - Back Graffiti level - total back (levels 0-15) 8
Graffiti - Window  Graffiti level - clear window /foil (levels 0-15) 8

Stain Stain - Front Staining level front (levels 0-15) 8
a Stain - Back Staining level back (levels 0-15) 8
Crease Crease Creasing/Crumpling level (levels 0-7) 5
Soil Soil - Back Soiling level back (levels 0-15) 8
! Soil - Front Soiling level front (levels 0-15) 8

Note: Information is collected via high-speed scanners located in various Bank of Canada deposit
centres once a bank note in circulation is deposited back in the Bank of Canada by a financial

institution.
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Table 2: Salient Features of Cluster Assignment

Cluster
1 2
Mean 337.42 248.68

Duration Std. Deviation ~ 78.03 125.31

1 0.1550 0.5872

2 0.0884 0.0365

3 0.0171 0.0052

4 0.0125 0.0114

Scan region 5 0.4931 0.2345
6 0.0136 0.0106

7 0.1596 0.0751

8 0.0334 0.0228

9 0.0260 0.0144

10 0.0014 0.0022

5.0 0.1482 0.3040

Denomination 10.0 0.8119 0.0132
100.0 0.0398 0.6828

Scan year 2017 0.0648 0.2934
2018 0.9352 0.7066

Shipment year 2017 0.9957 0.9424
2018 0.0043 0.0576

Fitness statis Fit 0.0295 0.0761
Unfit 0.9705 0.9239

Note: This table shows selected features of the clusters, obtained by performing K-means
clustering on the 15 million matched bank notes in the sample. The patterns shown in this table
allow us to construct profiles for the notes that belong to each cluster. The most salient traits
are that the duration dramatically changes along with the denomination; also, the denomination
composition almost exclusively segregates bank notes of one denomination to a specific cluster.
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Table 3: Accelerated Failure Time: Bank Note Duration

A-Enet OLS Enet
Coef. A F. Coef. A F. Coef. A F.
Intercept 5.8400  343.7793 5.8330 341.3813
(0.0017) (0.0015)
CANS$10 0.0141 1.0142  0.0191 1.0193 0.0189 1.0191
(0.0005) (0.0005) (0.0005)
CANS$100 -0.0436  0.9573  -0.0428 0.9581 -0.04308 0.9579
(0.0002) (0.0002) (0.0002)
Unfit -0.0043  0.9957  -0.0045 0.9955 -0.00455 0.9955
(0.0003) (0.0003) (0.0003)
Cluster 2 -0.0241  0.9762  -0.0247 0.9756 -0.02467 0.9757
(0.0002) (0.0002) (0.0002)

Note: This table shows the results of estimating an AFT model with adaptive elastic net (A-
Enet), OLS, and naive elastic net (Enet), on the log-duration with respect to around 280 features
and interactions, to select relevant regressors. To obtain the standard errors (SEs) enclosed in
brackets, Chernozhukov et al.’s (2018) double debiased machine learning algorithm is performed.
Coef. stands for the estimated coefficients, while Acc. Factor stands for their exponential. All
coefficients shown in the table are significant at the 99% level. The base case considered for this
exercise was a CANS$5 bank note scanned in the month of January in the year 2017, shipped in
the month of January of the year 2015, travelled from region 1 to region 1, belonged to cluster
1, was considered fit, and had no damage in any of the fitness measures.
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