
3
Map Vectorization

No matter what you do in R, you’re bound to come across a map operation.
Since R is a vector language, map operations are nearly ubiquitous. The
reason is that most functions are vectorized, and their arguments are typically
vectors. Recall that whenever a function is not natively vectorized, map or f old
can emulate that behavior. In this chapter, we’ll look at the map paradigm more
closely. We’ll start by developing an intuition around map, using mathematical
analysis as a motivation. With this foundation, we’ll then work through a case
study highlighting numerous uses of map to parse ebola situation reports
from the health ministries of Liberia and Sierra Leone. The latter part of the
chapter will examine map more closely and discuss its properties and how to
e↵ectively leverage these properties to aid in modeling data.

3.1 A motivation for map
Higher order functions are a staple of functional programming, and map
might be the most common of the three canonical functions. Definition 3.1.1
shows that the essence of map can be distilled to iterated function application
over a set of values.

Definition 3.1.1. Let f : A! B be a univariate scalar function. Given X ✓ A,
map( f , x) ⌘ h f (x) | x 2 Xi.

The motivation for a higher-order function like this is revealed in real
analysis. Functions are defined in terms of a domain and range, where some
input in the domain yields some corresponding output in the range. A func-
tion is visually represented as mapping the domain to the range, as depicted
in Figure 3.1. If we apply only a subset X of the domain to a function f , the
result is called the graph of f over X. Within this context it is understood that
f is a scalar function and to produce the graph of f , f must be applied to
every element x 2 X.

In a programming language, we cannot rely on implied understanding to
perform a calculation. To obtain the graph of f over X we actually have to
apply f to each element in X! The first step is putting all these elements of X
into a data structure. Suppose we assign each element of X with an index. It
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FIGURE 3.1: The graph of f over a set X

is only natural to assign the same index used in X for the output in Y. In other
words, yi = f (xi) for all elements in X. Now that we’ve created an ordering,
we can put these elements into a vector that represents X. When we apply
f to each element in X, we want the result Y to be in the same order as X.
If not, it makes it di�cult to use the result. Algorithm 3.1.1 outlines a naive
approach that implements this rationale in a loop, assigning each output in
the order of the input.

Algorithm 3.1.1: GraphOf( f ,X)

for each x 2 X
do Y[length(Y) + 1] f(x)

Algorithm 3.1.1 is a standard imperative approach to this simple problem,
and the telltale sign is that indices must be managed explicitly. That means we
need to remember that Ris 1-based and not 0-based, otherwise the algorithm
will fail. On the other hand what does a functional approach look like? Recall
that mathematically it is understood that f is applied to each element x 2
X with order preserved. The map function codifies this understanding (see
Definition 3.1.1) so that any application of map on a function and a vector
structurally behaves the same. Therefore, computing the graph is merely a
call to map, implying that Algorithm 3.1.2 isn’t even worthy of being called
an algorithm!
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Algorithm 3.1.2: GraphOf( f ,X)

Y map( f ,X)

It may sound perverse, but it is actually desirable to disqualify this op-
eration as an algorithm. The beauty is that map takes care of the low-level
mechanics of computing a graph. This allows us to focus on the more impor-
tant work of implementing the functions or transforms used in our analysis.
A hallmark of functional programming is the generalization of common data
transformations that can be used repeatedly. Once the vocabulary of higher
order functions is mastered, algorithms take on a new form, one that is e�-
cient and free of distraction.

3.1.1 Map implementations

In data analysis, we compute sub-graphs of a function all the time. Whenever
we transform data, whether it’s a log-linear transformation, a linear trans-
formation, change of coordinates or base, the data is transformed as a set.
This means that computationally these transformations are simply map op-
erations. Algebraic and trigonometric operations are already vectorized, so
we don’t immediately think of these as map operations. However, if we think
about how these operations transform a vector, the operation is semantically
the same. We’ll see in Section ?? how these operations are in fact equivalent.
Whenever a function is natively equivalent to a map operation, we call that
function as being map� vectorized, which distinguishes it from other forms of
vectorization. For a language that has so many map operations, it may seem
surprising that there is no explicit map function. While R traces some of its
ancestry to Scheme, and therefore has numerous functional programming
capabilities, it isn’t always obvious how to use these features. There is no map
function per se, but there is a suite of similar functions ending in apply. 1

Each version has slightly di↵erent semantics. Despite these di↵erences, the
syntax is more or less the same for the whole family. The general signature
is apply(x, fn, ...), which has reversed operands when compared to the
canonical map function.

The eponymous function apply actually has a di↵erent signature since
it does not operate on raw vectors. Instead, it operates on arrays, matrices,
and data.frames. Hence, we will ignore it for now and discuss it again when
exploring two dimensional data types. Similarly, mapply and tapply are de-
signed to operate on two-dimensional data and will be ignored for now. This
leaves lapply and sapply, but lapply only returns lists, which we haven’t

1A more faithful implementation of map appears in the package lambda.tools. This im-
plementation uses the author’s lambda.r package, which implements a function disptaching
system and type system using functional programming principles. The syntax and mechanics of
these packages are out of scope for this book.
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New Ebola Cases and Deaths Summarised by County

1 From daily email county reports of aggregated data for that day2 Based on laboratory tests of suspects and probable cases identified during the preceding days3 Refers to cases confirmed while alive that later died in ETU, or elsewhere County did not report

Alive1 Alive2 Deaths1 DeathsCounty Suspected & probable Confirmed Suspected& probable Confirmed 2 deaths in community Deaths in confirmed patients 3Total Susp. Prob. Total Susp. Prob.Bomi 2 0 2 0 0 0 0 0 0Bong 1 1 0 0 0 0 0 0 0Gbarpolu 1 1 0 0 0 0 0 0 0Grand Bassa 5 3 2 0 0 0 0 0Grand Cape Mount 0 0 0 0 7 6 1 0 0Grand Gedeh 0 0 0 0 0 0 0 0 0Grand Kru 0 0 0 0 0 0 0 0 0Lofa 0 0 0 0 0 0 0 0 0Margibi 1 0 1 1 0 0 0 0 0Maryland 0 0 0 0 0 0 0 0 0Montserrado 19 3 16 2 3 3 0 1 3Nimba 5 5 0 0 1 1 0 0 0River Gee 0 0 0 0 0 0 0 0 0River Cess 0 0 0 0 0 0 0 0 0Sinoe 0 0 0 0 0 0 0 0 0NATIONAL 34 13 21 3 11 10 1 1 3

FIGURE 3.2: Ebola situation report table

discussed yet. Therefore, sapply will generally be used in this chapter since
it both operates on and (mostly) returns vectors. When talking about these
operations in the general sense, or at the algorithm level, we’ll describe them
as map processes or map operations. Specific R functions will be referenced
when discussing the implementation of an algorithm.

3.2 Standardized transformations

Around the turn of the 20th century, Edison coined the saying ”genius is 1%
inspiration and 99% perspiration”. Presumably Edison was referring to the
process of invention, but the truth of this statement applies equally well to
data science. Here, the 99% sweat is a↵ectionately known as data munging or
data wrangling. These tasks aren’t so much about modeling as they are about
making data usable. This includes getting data from remote sources, cleaning
data, converting data into compatible formats, merging data, and storing it
locally. Without this preparation, data are unusable and inappropriate for
analysis. Enterprise software folks have been doing this for years, referring
to the general process as extraction, transformation, and loading, or ETL for
short.

An example ETL process is consolidating ebola situation reports from
West African health ministries. These reports provide numerous statistics
on incidence, prevalence, and death rates across the various counties and
provinces in each country. Figure 3.2 shows one of the tables published by
the Liberian Ministry of Health in their daily situation report. Both the Liberia
and Sierra Leone ministries publish data on more or less a daily schedule on
their web sites. The reliability of the schedule is poor, so numerous days can
elapse without any updates. While not an ideal situation, the health ministries
should nonetheless be lauded for their e↵orts at disemminating information
in a timely manner. The situation reports themselves are published as PDF
files and are not immediately machine readable. Using this data in an analysis
therefore requires downloading numerous documents, parsing each one, and
finally merging them into a single dataset. In terms of an algorithm, if all
documents are formatted the same, the parse process will be exactly the same
for each document. This observation indicates that the parse process can be
managed by a map operation.
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FIGURE 3.3: Portion of the Liberia Ministry of Health situation report web
page

3.2.1 Data extraction

Let’s start by downloading some data. We’ll use the scrapeR package to
download and parse web pages. The first source is the Liberia Ministry of
Health, so we’ll create constants for that and also a destination directory. 2

url  ’http://www.mohsw.gov.lr/content_display.php?sub=report2’
base  ’./data/lr’

This source web page lists the historical situation reports, linking to each
individual daily PDF report. A relevant snippet of the HTML source is in
Figure 3.3. To download each situation report, we need to extract each report
link and format it into a proper URL. Since the web page is XML it is easy to
find all relevant URLs by using an XPath query [2] to represent the location
of each URL in the document: //div[@id=’content’]/li/a. Reading from
right to left, this expression simply says to match all <a> tags that have <li>
as a parent, which have <div> as a parent. The <div> tag must have an id
attribute equal to ’content’. While this narrows down the set of links, it can
still contain links we aren’t interested in, such as Final_NHSW_P_P_(low_
resolution).pdf. Even though the situation reports do not have a standard
naming scheme, they do share a common prefix, which is di↵erent from the
artifact. We’ll use this observation to construct a pattern to filter the result
set and remove unwanted artifacts. We’ll also convert white space to URL-
encoded spaces to save some work later on. The resulting Algorithm 3.2.1 is
encapsulated into the function find_urls and is applied to each matching
node of the XPath query.

2In the actual package, these constants are private and named .LR_SOURCE and .LR_
DEST.
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FIGURE 3.4: How xpathSApply transforms an XML document. Boxes repre-
sent functions, and arrows represent input/output.

Algorithm 3.2.1: FindUrls(AnchorNode,Pattern)

Link GetAttribute(AnchorNode, ”href”)
if Link contains Pattern

then Replace ’ ’ with ’%20’ in Link
else ;

Armed with this function, it is simply a matter of applying it to every
matching node. The xpathSApply function in the XML package does just this.
The function name hints at its heritage as a descendant of sapply. This means
that we can expect xpathSApply to behave like a map process. Indeed, this
function applies the given function to each node that matches the XPath
query. Figure 3.4 visualizes this process including the arguments passed to
each function. Putting it all together we have

page  scrape(url)
xpath  "//div[@id=’content’]/li/a"

find_urls  function(x, pattern) {
link  xmlAttrs(x)[’href’]
link  grep(pattern,link, value=TRUE)
gsub(’ ’,’%20’,link, fixed=TRUE)

}

links  xpathSApply(page[[1]], xpath,
function(x) find_urls(x,’SITRep|Sitrep’)).

Now we have a character vector of all the paths to situation reports. This isn’t
su�cient for downloading the files since we still need complete URLs. We
can construct these by parsing the original URL (via the httr package) and
extracting the various components of the URL that we need. Can you spot
the map-vectorized call in the listing?
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url.parts  parse_url(url)
urls  sprintf("%s://%s/%s",
url.parts$scheme, url.parts$hostname, links)

In addition to the URLs, we also need the destination file names to write to
once we download each URL. Normally we would use the source document
name directly, but they contain URL-encoded white space (%20), which adds
unnecessary complexity (i.e. headache) to UNIX-like systems. It is generally
easier to work with documents when they have more convenient names.
Therefore, we’ll replace these characters with _s. Algorithm 3.2.2 shows the
steps for a single URL, which is then applied to each document path via
sapply.

Algorithm 3.2.2: GetFileName(DocumentPathParts)

X DocumentPathParts[length(X)]
Replace ’%20’ with ’ ’ in X

The document paths are absolute, so the actual name of the file is contained
in the last path component. The corresponding R code is
get_file_name  function(x) gsub(’%20’, ’_’, x[length(x)])
files  sapply(strsplit(links,’/’), get_file_name).

Notice that Algorithm 3.2.2 is implemented completely in the first line, fol-
lowed by the map operation over all valid links extracted from the HTML
page. Finally, we can pass each input URL and corresponding output file des-
tination to a function that does the actual work of downloading and writing
the file. This function uses httr to download the PDF as raw binary data:
extract_pdf  function(url, file, base) {
flog.info("GET %s",url)
response  GET(url)
pdf  content(response,’raw’)
pdf.dest  paste(base,file,sep=’/’)
writeBin(pdf, pdf.dest)

}.

Calling this function requires a bit of glue that we’ll discuss in the next section.

3.2.2 Multivariate map

Since map specifies as its argument a univariate function, how do you pass
the second argument to extract_pdf via map? If only one argument varies,
the standard R way to do this is to use the ellipsis argument. Had we imple-
mented extract_pdf to construct the destination file name within the body,
the call would look like sapply(links, extract_pdf, base). While con-
venient, this is an idiom specific to R and not portable. Functional languages
solve this by using a closure to conform the two function interfaces. Using
this approach the call looks like
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FIGURE 3.5: Zip converts column-major data into a row-major structure.
Column-major data structures give fast sequential access along column in-
dices. A row-major structure optimizes for row access.

sapply(links, function(link) extract_pdf(link, base)).

When only a single argument varies over map, this approach works because
all other arguments are treated as constants.

Example 3.2.1. Calculating the Z-score for a vector is an example of a function
with multiple arguments, though only one varies.

xs  rnorm(100)
x.mean  mean(xs)
x.sd  sd(xs)
z_score  function(x, m,s) (x-m)/s

We can convince ourselves that the two computations are the same with a
quick test of equality.

all(
sapply(xs, function(x) z_score(x,x.mean,x.sd))
==
sapply(xs, z_score, x.mean, x.sd)

)

Note that the idiomatic way of computing the Z-score uses the native map
vectorization of the arithmetic operators. Hence, the following one-liner is
also equivalent.

(xs - mean(xs)) / sd(xs)
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In cases where arguments co-vary, the above approach will not work.
Instead, the pairs of arguments must be passed to the first-class function
together. This process is known as zip and works by e↵ectively converting
a column-major data structure into a row-major data structure (see Figure
3.5). The distinction between these two formats is how a two-dimensional ar-
ray is organized. Column-major structures preserve vectors along columns,
whereas row-major structures preserve vectors along rows. 3 The choice de-
pends on how data is accessed. R doesn’t provide a native zip function,
nor does it support tuple notation, making emulation tricky. The function
cbind can emulate zip, by creating a matrix from a set of vectors. 4 However,
since Rstores data in a column-major format 5, it can be more consistent to
use rbind, despite the confusion in terminology. This choice becomes more
apparent when working two-dimensional data, as discussed in Chapter ??.
Algorithm 3.2.3 illustrates this pattern for a function of two variables. The
same approach is valid for any arbitrary multivariate function.

Algorithm 3.2.3: MultivariateMap(x, y, f n)

block zip(x, y)
glue � row . fn(row[1], row[2])
map(glue, block)

Applying this algorithm to extract_pdf, the implementation is nearly
verbatim and looks like

apply(rbind(docs,files), 2,
function(u) extract_pdf(u[1], u[2])).

One thing to notice is the output of rbind, which is a character matrix.
We’ll see in Chapter ?? and 6 how the choice of call depends on the types
of the arguments. In some cases it is necessary to use a data.frame or list,
respectively, to preserve types. Putting it all together, we now have a function
that downloads and saves locally all available situation reports published by
the Liberian government.

extract_lr  function(url=.LR_SITE, base=.LR_DIR) {
page  scrape(url)
xpath  "//div[@id=’content’]/li/a"
get_report_link  function(x)

grep(’SITRep|SitRep’, xmlAttrs(x)[’href’], value=TRUE)
links  xpathSApply(page[[1]], xpath, get_report_link)

get_file_name  function(x) gsub(’%20’, ’_’, x[length(x)])
files  sapply(strsplit(links,’/’), get_file_name)

3R stores data in column-major format.
4As with map, we’ll use the canonical name in algorithms but actual functions in code listings.
5Clearly, cbind(x, y, z) = rbind(x, y, z)T .
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url.parts  parse_url(url)
urls  sprintf("%s://%s/%s",

url.parts$scheme, url.parts$hostname, curlEscape(links))

apply(cbind(docs,files), 1,
function(u) extract_pdf(u[1], u[2]))

}

This is only the first step in obtaining data and eventually doing an anal-
ysis on it. Before working with the dataset in earnest, it is necessary to parse
each PDF. This isn’t something that R can do natively, so we’ll have to make a
system call. We may as well do it in our extract_pdf since that’s its job. Sys-
tem calls are not vectorized, but that doesn’t matter here since extract_pdf
operates on a single document only. In general, it’s a good idea to note which
functions are vectorized and which ones are not. While it doesn’t a↵ect the
behavior of a function, it can impact performance and readability. We use the
function pdftohtml to convert the PDF into an HTML representation. Doing
this preserves some document structure, which can then be exploited when
calling sed to further process the file.

extract_pdf  function(url, file, base) {
flog.info("GET %s",url)
r  GET(url)
pdf  content(r,’raw’)
pdf.dest  paste(base,file,sep=’/’)
writeBin(pdf, pdf.dest)

txt.dest  replace_ext(pdf.dest,’txt’)
sed  paste("sed",

"-e ’s/<page number=\"\\([0-9]*\\)\"[ˆ>]*>/PAGE-\\1/’",
"-e ’s/<[ˆ>]*>//g’",
"-e ’s/[ˆ[:space:]0-9a-zA-Z-]//g’")

cmd  "pdftohtml"
args  sprintf("-i -xml -stdout ’%s’ | %s", pdf.dest,sed)
flog.debug("Call ‘%s %s‘",cmd,args)
system2(cmd, args, stdout=txt.dest)
txt.dest

}

The first five lines are the same as before. But now we apply two trans-
formations that are connected via a UNIX pipe. One of the replacements that
sed applies is creating explicit page markers for each page of the PDF. This
will simplify the extraction of tables from the text file, since each page is
demarcated explicitly. We’ll see later that the output is still not very easy to
use, but it is better than binary data. There are also a few observations that
will simplify the parsing of the file.

For sake of completeness, let’s also define replace_ext. This function
simply replaces the extension of the file name with the one provided. The
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rationale is that the file name should be preserved for the resulting text file
where only the file extension is replaced.
replace_ext  function(file, ext) {
parts  strsplit(file, ".", fixed=TRUE)
sapply(parts, function(x) paste(c(x[-length(x)], ext),

collapse=’.’))
}

Since we defined extract_pdf as a first-class function, by design it is self
contained and easy to move about. Assuming that we don’t change the out-
put, we can even modify the function without worrying about how it a↵ects
the surrounding code. Although this is true of any function, functional pro-
gramming’s emphasis on functions amplifies its benefit. Echoing the UNIX
philosophy, functions typically do one thing well and are implemented with
only a few lines of code. This is usually not the case with imperative code
and loops, where behavior tends to spread across multiple lines in a single
shared scope.

3.2.3 Data normalization

The easiest data to work with is structured, but as any data scientist knows,
not all data comes nicely packaged. A data scientist is expected to be self-
su�cient, meaning that it is up to her to tame unstructured data into a consis-
tent, normalized structure. Challenges arise when data come from multiple
sources, or the format of unstructured data changes. It’s therefore essential
to have a structured approach to data normalization in order to account for
future changes. Normalizing data into a common format is necessarily de-
pendent on the input data, and the delineation between the two roles can be
fuzzy. For our purposes we draw the line at the creation of a machine-readable
document that can be parsed automatically. For the normalization process to
be e�cient and scalable, it cannot depend on manual intervention, meaning
that all transformations must be compatible with the complete set of files.

Ebola situation reports have a high degree of variability in their structure
and content since the reports are created manually. Although we want a plan
to parse these files in advance, it can be di�cult to understand all the quirks
of the raw data prior to actually parsing them. Therefore, it is out of neces-
sity that the data scientist must parse each file incrementally. Over time (and
over many iterations), we can expect each desired table in the report to be
parsed correctly. What happens to the code during this process? If the parsing
logic relies on a lot of conditional blocks, we can expect that their complexity
will increase. As each parse error is fixed another conditional block must
be added, often embedded within yet another conditional block. The whole
thing eventually becomes unmanageable as it becomes exceedingly di�cult
to understand and update the logic within the hierarchy. Let’s think about
why this happens. From a structural perspective, if-else blocks form a tree
structure, as illustrated in Figure 3.6. In order to determine the rules necessary
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FIGURE 3.6: Modeling conditional blocks as trees

to parse a particular document, the document ’flows’ through the conditional
branches until it arrives at some terminal node, which is e↵ectively the ag-
gregate parse configuration. To reduce code, bits of logic are applied at each
node, implying that the aggregate configuration is the union of the nodes
that the document passes through. In Figure 3.6, the configuration can be
described as con f ig = A [ C [ G.

Trees are useful for organizing data for fast searches, but they are less
beneficial when organizing logic. When data is added or removed from a
tree, the algorithm governing the behavior of the tree is optimized to do this
correctly and e�ciently. When writing software, we don’t have the luxury
of letting a computer execute an algorithm to reorder the conditional blocks.
Hence, our poor brains are faced with the task. In an environment where
code is built up incrementally, there is a high cost associated with changing
a tree structure. Imagine if a document assigned to G doesn’t parse correctly.
To correct the problem, suppose a new conditional is added to C, labeled J.
How do you verify that the new logic is correct? You either have to mentally
evaluate A [ C [ J and compare it to A [ C [ G or run the code against all
the documents to ensure they end up in the correct terminal condition. It’s
easy to imagine how this can add unnecessary complexity and work to an
otherwise simple problem.

An alternative to a monolithic decision block is to think about the data and
configuration as sets. With this approach, normalization is simply a mapping
between a document and configuration space to the normalized data space.
What do we mean by a configuration space? It’s simply a set of variables
that fully determines how to parse a table from a document (i.e. the text
file). This is similar in concept to how µ and �2 fully determine a normal
distribution, except we’re talking about parsing documents instead of prob-
ability distributions. A simple way of achieving this is to partition the set
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FIGURE 3.7: Mapping a partition to a configuration space simplifies transfor-
mations

and assign a configuration to each set as in Figure 3.7. Ideally the partitions
would be defined prior to parsing the dataset, but realistically this process
is incremental. Therefore, it’s perfectly reasonable to map all documents to
a single configuration space. Then as the variability in situation reports in-
creases, the size of the configuration space increases until it reaches the size
of the document space. Understanding this behavior is key in planning out
a method for managing the configurations. Notice that on either extremes
of this range, the implementation is rather obvious. When all reports have
the same configuration, then a single static configuration is su�cient. On the
other extreme when there is a one-to-one mapping, it is easy to map each
file name to a specific configuration and process accordingly. What happens
in between is di↵erent. Now we need to encode the mapping between files
to configurations and do that in such a way that future configurations can
be added to the mapping. Much of this machinery is in the domain of filters
that create the actual partition, although an important part of this process is
applying the same configuration to a set of reports. This di↵ers from earlier
applications of map where one function applied to every element of a set.
Now a di↵erent function applies to each subset of the partition, where each
function returns a valid normalized dataset.

Let’s use the ebola data to illustrate how this concept works in practice.
The transformed text files are still in a raw state, as seen in Figure 3.8. These
files are simply the raw text extracted from the PDF and are the epitome of
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unstructured data. However, since the PDFs comprise mostly tablular data,
the formatting is mostly regular and can be parsed according to rules. These
files can be downloaded locally by calling lr.files  extract_lr()(*,*),
defined in Section 3.2.2, which returns the file names of all extracted text files.
The files themselves are written to data/lr.

Examining file SITRep 204 Dec 5th 2014.pdf, we see that the table on
page 3 (seen in Figure 3.2) starts with the unique string ’New Ebola Cases
and Deaths Summarized by County’, which acts as a marker for this table.
The text representation of the table in Figure 3.8 is spread across multiple
lines, where each line contains exactly one table cell. Since tables form a grid,
we can simply collect each set of lines together to reconstruct a table row.
Knowing this about the text file, how can we parse this table without a lot
of ceremony? A typical imperative approach would iterate through the file
line-by-line, accumulating each row cell-by-cell. This approach may start o↵
simple but will eventually grow out-of-control. A declarative approach treats
the file as a set and extracts the relevant subsets. In this case we want all the
lines following a county to become the columns associated with the given
county. This hints at one of the elements of the configuration space, which are
names of each county. It also means that the next county acts as a boundary
marker. For example, the row containing Bomi spans 10 lines (including itself),
ending at the line containing Bong. Translating this observation into a function
requires a modified use of the zip paradigm we discussed earlier. The idea
is to construct the bounds for each table row based on the line numbers in
the file. We can do this easily by zipping a shifted version of the indices with
itself, as shown in Figure 3.9. The result is a matrix where each row represents
an interval defining the start and end lines for each county. The construction
of the matrix is performed using either cbind or rbind.

Given a vector x, the general approach is cbind(x[-length(x)], x[-1])
. Since the county markers only represent the starting points, this approach
isn’t quite right. To identify the last line of a table row, we need to know the
line number marking the start of the next row. This works fine until the last
row. Not all is lost, though. As tabular data, we can assume that each section
has the same number of lines, so the final end marker can be appended prior
to constructing the matrix of bounds.

Now that the basic strategy is in place, we can codify it in Algorithm
3.2.4. Starting with a subset of the text file that represents a single page, the
algorithm only has a few steps. In addition to the raw lines, the function also
takes a vector of markers that indicate the beginning of a row and also a
vector of column labels for the resultant data.frame.
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FIGURE 3.8: Raw extract of PDF situation report. Numerous words are split
across lines due to formatting in the source PDF.
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FIGURE 3.9: Constructing table boundaries by shifting a vector. The first
n � 1 indices represent the start index, while the last n-1 indices are used as
corresponding stop indices.

Algorithm 3.2.4: GetRows(lines,markers, labels)

x GetIndex(lines,markers)
x[length(x) + 1] x[2] � x[1]
bounds zip(x[�1], x[2 : length(x)])
d f  map(� b . GetSeries(lines,b[1],b[2]), bounds)
colnames(d f ) labels
return (d f )

The algorithm calls two other functions that we’ll define shortly. First,
consider this approach. Up to now, we’ve discussed how declarative code
(typically) avoids the messy process of working with indices, yet here we
are doing just that. This is a hint that this algorithm can be improved. Ma-
nipulating the indices is actually symptomatic of something worse. What’s
unsavory about this approach is that we’re manually modifying data gen-
erated by some other process. Other processes might not know that we’ve
appended a pseudo index to the vector, which can cause subtle problems later
in the processing. These sorts of issues arise when a text file is modified after
the indices are computed.

An alternative approach makes use of a simple observation. We know
in advance the names of the columns, so we already know how many lines
to grab for each table row. With this approach we don’t need the index of



Map Vectorization 73

the stop marker and can instead pass a constant size parameter. Doing so
returns us to familiar land where only a single variable varies.

fn  function(lines, markers, labels) {
size  length(labels)
indices  get_index(lines, markers)
rows  lapply(indices, function(i) get_series(lines,i,size))
df  as.data.frame(do.call(rbind, rows))
colnames(df)  labels
df

}
sapply(markers, function(m) fn(lines,m,columns))

There’s no hard and fast rule about when to use one approach versus
another. That said, direct manipulation of indices generally has a higher cost
than methods that don’t. Either way we’ve managed to parse a PDF table into
an Rdata.frame.

Before moving to the next step, let’s visit the get_index and get_series
functions. The first function, get_index, returns the line numbers associated
with the set of markers, which are the county names. The do.call trick is
used since there’s no guarantee that every row exists in a table.

get_index  function(raw.table, markers) {
section.idx  lapply(markers,

function(x) grep(sprintf(’ˆ%s$’,x), raw.table))
do.call(c, section.idx)

}

The get_series function extracts the actual data series from the vector
of lines, converting each value into numeric data. This is where we use the
size argument to select the actual range of the data. Note also that we skip
the row containing the marker since we already have it.

get_series  function(raw.table, index, size) {
chunk  raw.table[(index+1):(index+size)]
as.numeric(gsub(’[ˆ0-9]’,’’, chunk))

}

The next step involves parsing this table from each document. We know
that depending on the document, there are di↵erent markers that must be
used. Examining the various situation reports it turns out that a specific table
can appear on di↵erent pages, and the number of columns may change over
time. Each table must therefore be separated from the other tables, or the
data will be corrupt. This tells us that the structure of the configuration has
two parts: first are the markers to delineate each section, and second are the
markers for each table. The requirement is that each section marker must be
unique in the document. Within a section, the row markers must be unique
but can reappear in other sections.

Given the above analysis, we conclude that our configuration space con-
sists of four variables per section. These are the section start and stop markers,
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the table row markers, and the column names. Within a specific partition by
definition the configuration space is constant. This implies that to parse this
table from multiple situation reports, we simply need to pass the appropriate
set of text to the function. There are two approaches to this. First up is Algo-
rithm 3.2.5, where we can map over a vector of filenames, read the file, extract
the lines, then call get_rows.

Algorithm 3.2.5: GetTable( f )

(start, end,markers, labels) = GetConfiguration( f )
GetRows(GetChunk(ReadLines( f ), start, end),markers, labels)

This is a compact approach and can seem e�cient, but it’s important
not to conflate these two properties. Consider an incremental development
process where a number of iterations is required to get the markers just right.
This happens often during testing and debugging. If it’s necessary to run the
code numerous times, the compact syntax is actually a detriment because the
source data must be downloaded each time the parse process is executed. This
adds unnecessary latency to an otherwise e�cient process. An alternative
approach is to first map over the file names to extract the lines (Algorithm
3.2.6), then map over the set of lines (Algorithm 3.2.7, calling get_rows for
each vector of lines.

Algorithm 3.2.6: GetRawLines( f )

(start, end,markers, labels) = GetConfiguration( f )
GetChunk(ReadLines( f ), start, end)

Algorithm 3.2.7: GetTable(ls, f )

(start, end,markers, labels) = GetConfiguration(() f )
GetRows(ls,markers, labels)

The benefit of the second approach is separation of concerns. Not only
does this make each function easier to understand, it can also speed up
development and save computing/network resources. Although reading from
a file is relatively cheap, reading from a database or web service can be
significantly more costly. By separating the extraction logic with the parse
logic, it’s possible to minimize calls to external resources despite multiple
calls to the parse logic. During development and troubleshooting, the ability
to repeatedly call local functions without having to wait for data transfer can
be extremely useful.

The result of this parse process is a data.frame containing a date, plus
all the parsed columns of the table. Figure 3.10 shows a subset of the result
from parsing the New Ebola Cases and Deaths Summarized by County table
(shown in Figure 3.2). Reflecting back on the code used to generate this
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county alive.total alive.suspect dead.total
209 Bomi 2 0 0
210 Bong 1 1 0
211 Gbarpolu 1 1 0
212 Grand Bassa 5 3 0
213 Grand Cape Mount 0 0 7
214 Grand Gedeh 0 0 0
215 Grand Kru 0 0 0
216 Lofa 0 0 0
217 Margibi 1 0 0
218 Maryland 0 0 0
219 Montserrado 19 3 3
220 National 34 13 11
221 Nimba 5 5 1
222 River Cess 0 0 0
223 River Gee 0 0 0
224 Sinoe 0 0 0

FIGURE 3.10: Parsed data.frame from unstructured text

data.frame, not a single loop nor conditional block was used. Hence the
control flow is strictly linear, making the code very easy to understand as
well as increasing the usability of the constituent functions.

Configuration spaces are appropriate for any process where the number of
configurations is between a one-to-one mapping and a constant configuration.
In Chapter 5 well discuss in detail how to construct the partition that maps
to the configuration space using filters and set operations.

3.3 Validation

After parsing the situation reports and extracting each table, it’s time to
start analyzing data, right? Well, actually, no. Even though we’ve parsed the
data, we have no guarantee that the data was parsed properly. If we were
cavalier we might throw caution to the wind and start our analysis. But as
data scientists we know to first verify that the data is accurate before using
it. Indeed, at this point there are two distinct sources of error that can be
present. In addition to errors from the parse process, the source data itself
could contain errors. The ideal case is to be able to check for both types of
errors.
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Ebola Case and Death Summary by County

County

DAILY EMAIL REPORT  
Laboratory2

Confirmed 
Cases (Alive 
and Dead)

VHF DATABASE
New1 suspected and probable  

cases (Alive and Dead)  
Cumulative3 cases 23 May-December

5th 2014 Cumulati
ve 

deaths2Total Suspect Probable Total Suspect Probable Confirmed

Bomi 2 0 2 0 293 83 75 135 158
Bong 1 1 0 0 557 390 32 135 124
Gbarpolu 1 1 0 0 38 25 3 10 10
Grand Bassa↑ 5 3 2 0 156 41 75 40 65
Grand Cape 
Mount↑↑ 7 6 1

0

153 47 47 59 76
Grand Gedeh 0 0 0 0 10 8 0 2 5
Grand Kru 0 0 0 0 36 14 18 4 27
Lofa 0 0 0 0 645 171 148 326 385
Margibi 1 0 1 1 1254 415 474 365 550
Maryland 0 0 0 0 21 15 2 4 17
Montserrado↑ 22 6 16 3 4149 1733 786 1630 1688
Nimba↑↑ 6 6 0 0 322 80 128 114 53
River Gee 0 0 0 0 19 7 5 7 8
River Cess 0 0 0 0 41 9 12 20 26
Sinoe 0 0 0 0 37 18 3 16 14
NATIONAL 45 23 22 4 7731 3056 1808 2867 3206

1 From daily email county reports of aggregated data for that day
2Laboratory confirmed cases of suspects and probable cases identified during the preceding days
3From individual-level data from the Case Investigation form; cases may be reclassified according to  
surveillance case definitions   ↑Increase in daily reported cases by county

FIGURE 3.11: A table in the Liberia Situation Report containing cumulative
counts

3.3.1 Internal consistency

While the most thorough validation is comparing the parsed output with the
source PDF, it’s too manual (and itself error prone) to be practical. Instead, we
need an automated approach to validating the data. In general it’s di�cult
to automate the parse process in absolute terms, since the point of parsing is
to produce a machine-readable document. One appoach is to have a second,
independent parse process to compare against the first. In some contexts this
can be justified, but it’s a costly exercise that doesn’t guarantee perfect results.
Another approach is to focus on the internal consistency of the data. These
types of validations rely solely on the parsed data. The ebola data is actually
easy to test in this regard since each table includes a row for the national
totals. This means that for each column of a table, the sum of the individual
counties must equal the national value. If not, then either the source data is
bad, or more realistically, the parse process has an error.

Given a table of data, how do we implement the above consistency check?
For each column, the check is simply

P

i measurei = national, i 2 counties.
To validate the whole table, we can iterate across each column with a map
process. The implementation follows the same two-step procedure we’ve
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seen throughout this chapter: 1) define a first-class function that implements
the logic for a single case, and 2) perform a map operation over all columns.

check_total  function(df, col, nation=’National’) {
national  df[df$county==nation,col])
counties  sum(df[df$county != nation,col])
national == counties

}
sapply(colnames(df), function(col) check_total(df, col))

While internal consistency is a good approach to validating the correctness
of data, it is not fool-proof. There are numerous ways to have consistent data
that passes the validation but is incorrect. Here are two simple scenarios. First
suppose that you decide to use a zero whenever a parse error is encountered.
What happens when the whole column fails to parse? Then you have all zeros,
which satisfies internal consistency but is wrong. Another common example
is that due to a parse error the data is shifted so that columns are misaligned
with their labels. Again for a given column the data are internally consistent
but is still wrong. These scenarios underscore the importance of combining
internal consistency with other types of checks when working with parsed
data.

In addition to raw counts, the situation reports also contain cumulative
counts. These data points give us another axis for evaluating internal consis-
tency. The observation here is that cumulative counts are necessarily mono-
tonic. Therefore, across multiple situation reports any cumulative value must
be greater than (or equal to) the value in a prior date. If both the raw and
cumulative counts are available then the consistency of each value can be
tested from day-to-day, assuming all reports exist.

Let’s see how this works. The column cum.dead.total lists the cumula-
tive number of deaths due to ebola, which is the last column in Figure 3.11.
Since the column represents cumulative counts, each successive date must
have a value greater than (or equal to) all previous dates. If not, then either
the source data is wrong or the parse process has errors. For this validation
we need both a column and a county. Here we assume that the data.frame
representing the case and death summary table contains multiple dates. First
we’ll test that the final column value (in other words, the most recent da-
tum) is greater than (or equal to) all others. For a sequence x we can express
this as

Tn�1
i xi  xn, where |x| = n. Here we can take advantage of built-in

vectorization of logical operators and write this as all(x[-length(x)] < x[
length(x)]). We can apply this technique to our data.frame verbatim so long
as the sequence is properly ordered, as in x  df[order(df$date),col].

The next step is applying this to all columns containing cumulative data,
which is left as an exercise for the reader.
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3.3.2 Spot checks

At times it is necessary to explicitly verify the value of a table cell. These
spot checks can add a degree of comfort to parsed data since values are
visually confirmed by a human to be the same. The cost of human comfort
is of course its manual nature, which is both time consuming and fallible.
What would be nice is to take advantage of spot checks but without human
involvement. For this to be e↵ective we need to think about what makes a
spot check useful. Clearly they need to o↵er some benefit that we can’t get
from internal consistency. One such benefit is verifying column alignment.
We already know that this is a weakness of internal consistency checks, so
using spot checks for this purpose seems like a good idea. Does it matter
which column to use? The answer depends on the structure of the raw data.
In this case, it matters since cells are read along rows, one cell at a time.
Performing a spot check on a column in the upper left of the table is less
e↵ective than a cell in the lower right. The reasoning is that any non-fatal
parse errors will propagate through the table as the parse process progresses.
Therefore, a shift in a column will a↵ect all columms to its right as well.
It’s also important to use unique values that don’t appear elsewhere in the
table to avoid false negatives. For example, confirming that the number of
probable cases in Sinoe is zero is a poor choice, since any number of parse
errors could result in a zero. However, checking the number of probable cases
in Montserrado is a good choice, since 16 doesn’t appear anywhere else in
the table.

The structure of a spot check is fairly simple and contains similar informa-
tion as a unit test. The primary di↵erence is that spot checks have a regular
structure meaning that we can organize the data in a data.frame. Each row
represents a spot check and is described by 1) a county, 2) a measure, 3) the
expected value. Following the strategy above we can add a few rows that
describe what we expect from the summary of cases and deaths.

county  c(’Montserrado’, ’Grand Cape Mount’, ’National’)
measure  c(’alive.probable’, ’dead.total’, ’alive.total’)
expected  c(16, 7, 34)

spot.checks  data.frame(county, measure, expected)

A simple approach to test this is to map along the rows of the
data.frame. The signature of the function applied to each element looks like
f n(county,measure, expected)! logical and can be implemented as a set oper-
ation:

fn  function(county, measure, expected) {
df[df$county == county, measure] == expected

}.

While this is functionally correct, the trouble with this approach is that the
actual value in the table is opaque. If there are errors (and there will be!), it’s
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di�cult to quickly determine the source of the error when the actual value
is not returned. It’s better to split the procedure into two steps: collect actual
table values first, and then compare. The first step is simply the first half of
the previous function, namely

df[df$county == county, measure].

Now we can collect the values and attach it to the spot check data.frame:

fn  function(row) df[df$county==row[1], row[2]]
spot.checks$actual  apply(spot.checks,1, fn).

Finally, the actual verification uses a vectorized equality test, spot.checks$
expected == spot.checks$actual, to compare each individual spot check.

In this section we’ve shown how data validation can be implemented as
a two step process. First is defining the validation rules for a given column,
or data series. Second is identifying the broader set of data series for which
the validation is applicable. Applying the validation to each series is simply
a call to map.

3.4 Preservation of cardinality

When manipulating or analyzing data it is generally useful to know how
large a particular set is. This quantity is known as cardinality and specifies the
number of elements within a set. For higher order functions we’re interested in
the relationship between the cardinality of the input and the output. Knowing
what happens to the cardinality of the data is important and allows us to
deduce certain properties of the data. map operations are special in the sense
that cardinality is always preserved under the operation (Proposition 3.4.1).
Hence, if a vector x has length |x| = 10, then for any scalar function f , map f x
also has length 10.

Proposition 3.4.1. Let f : A! B be a scalar function. Given X ✓ A, where |X| = n,
|map f x| = n.

In order to satisfy this requirement, there are certain consequences to
the way map implementationas work. Specifically, sapply changes its output
data structure depending on the result of the scalar function passed to it. To
the novice, the behavior may seem inconsistent, but it can be fully explained
by the need to preserve cardinality. Why is preservatin of cardinality so
important? The answer requires thinking about functions as relations and
reconciling the di↵erence between mathematical functions and programming
functions.
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3.4.1 Functions as relations

Classical mathematics defines functions as a black box taking some input
and returning some output. It doesn’t really matter what the input or output
are, so long as they both exist. Functions are also only allowed to return one
value per unique input. This simple model of a function can be generalized
as a relation between two values: the input and the output. For example,
the function f (x) = x2 is a relation that maps R to R+. The pair (2, 4) is in
f but (3, 0) is not. A consequence of this definition is that a function must
always return a value for a given input. This is subtly di↵erent from above,
where the concern is typically limiting the upper bound on the number of
values a function can provide. The so-called vertical line test is often used for
this purpose. This test operates on the graph of a function, so we’re already
assuming that a value exists. But what if no output value exists? As a relation,
there must be exactly one value returned per input. If there is no valid result,
then the function is just not defined for the given input. Indeed, this is how
division by zero is treated: the operation is simply not defined.

From a programming language perspective, the mathematical constraint
on functions doesn’t exist, and it’s perfectly legal to define a function with no
return value. This happens often with I/O operations, such as writing data
to a database, a file, or a display. Now data science is at the nexus of math
and programming, so how do we reconcile these two views of a function?
If we take a formal stance we would simply say that such a function is not
compatible with mathematics and should be ignored. However in the real
world these functions do exist and we cannot categorically ignore them. To
arrive at a more palatable answer, let’s consider what it means for a function
to not have a return value. For many programming languages, there is a
specific keyword indicating the value to use as the function return value. If
no return value is specfied, then the function returns the equivalent of a NULL
value. In R, functions return the value of the last expression, but there is a
way to define a body-less function.

> f  function(x) { }
> f()
NULL

This interpretation may seem slight, but there is value to this approach. It’s
reasonable to interpret no return value as being equivalent to returning the
empty set. This has interesting implications starting with the idea that a
function with no return value is indistinguishable from a constant function
that maps all values to ;. Mathematically, the function can be described as
f : A ! ;, and the pairs defining the relation look like (a, ;), where a 2 A.
While this may seem strange, it’s perfectly legal, since the only requirement
mathematically is to return some value, even if that value is the empty set!

The situation is not as dire as we thought, now that we’ve successfully
shown that programming functions can be represented mathematically as
relations. This means that for any input set, we can compute the graph of



Map Vectorization 81

the input and the output will have the same length. Another way of saying
this is that the cardinality of the input is preserved in the output. Since map
provides the machinery to compute the graph of a function, then it’s natural
to expect map to preserve cardinality. An obvious example of this property is
linear algebra, where vector addition preserves cardinality. We also saw this
property throughout the chapter as we transformed text data into numeric
values. Knowing that map-vectorized operations preserve cardinality, how
does it a↵ect our understanding of map operations?

3.4.2 Demystifying sapply

One important finding is that preservation of cardinality explains the behav-
ior of the map implementation sapply. For newcomers sapply can appear to
have inconsistent behavior, sometimes returning a vector, sometimes a list,
and other times a matrix. Why does it do this, and is it possible to deduce
the type of the result? Let’s see if our toy function f (x) = ; can shed light on
the matter. Suppose we want to compute the graph of f over (1, 2, 3). What
is the result? Based on our earlier analysis, the answer is (;, ;, ;). What is
the answer in R? Technically this function is natively vectorized so it can be
called as f(1:3), which results in NULL. What happened? Shouldn’t the result
be c(NULL, NULL, NULL)? We know from Chapter 2 that vectors treat the
empty set di↵erent from other values. No matter how many NULL we try to
concatenate, the result will always be a single NULL. This can be problematic if
we map over a function that might return a NULL value. To preserve the NULLs
requires returning a data type that supports holding multiple NULL values,
such as a list. How does this reasoning compare with what sapply does?
Let’s see:

> f  function(x) c()
> sapply(1:3, f)
[[1]]
NULL

[[2]]
NULL

[[3]]
NULL

Lo, the result is a list of NULLs! Therefore, when using sapply, cardinality
is in fact preserved. This implies that whenever the result contains a NULL
value, the result type will be a list and not a vector. 6 This same logic explains
why a matrix is returned for some functions.

Example 3.4.1. In addition to NULLs, the same behavior holds for typed vec-

6The documentation for sapply says that if the result cannot be simplified, then it will
remain a list.
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tors of zero length, such as character(). Conceptually these can be treated
as ; with type information included. An empty character vector is di↵erent
from an empty string. The di↵erence is that an empty string is a proper value
and thus survives concatenation. For example,

> c("text", character(), "")
[1] "text" ""

Let’s revisit algorithm 3.2.1 and consider the e↵ect of a function that returns
character(). To preserve the output cardinality of the xpathSApply call, we
know that the result cannot be a vector. Therefore a list must be returned in
order to preserve the cardinality and the character() values. We can verify
this claim by printing a portion of the variable links.

> links[14:16]
[[1]]

href

"http://mohsw.gov.lr/documents/SITRep%20143%20Oct%205th,
%202014.pdf"

[[2]]
named character(0)

[[3]]
href

"http://mohsw.gov.lr/documents/SITRep%20142%20Oct%204th,
%202014.pdf"

Calling do.call(c,links) removes the empty character values leaving a
character vector of valid web paths.

3.4.3 Computing cardinality

Knowing that map processes preserve cardinality, is it possible to deduce
the cardinality over a sequence of operations? Combining our knowledge of
recycling with preservation of cardinality, it’s not only possible but easy to
deduce this by simply looking at the code. The benefit is that the data scien-
tist can establish a priori the expectation for the output of a (deterministic)
function, which can then drive tests in the code. Furthermore, development
can be streamlined since it is now trivial to ensure cardinality is preserved
where you want it.

Univariate functions are the easiest to analyze in terms of cardinality.
Ultimately there are those functions that preserve cardinality and those that
don’t. Map-vectorized functions preserve cardinality, while f old (Chapter 4)
and f ilter operations (Chapter 5) do not. What about scalar functions? By
definition scalar functions accept and return scalar values, so cardinality is
preserved. Again, it’s important to remember that we mean this in the formal
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sense. The function f(x)= rnorm(x, 5) is not a scalar function, so these
rules do not apply.

For binary operations, the cardinality of the result is dictated by the car-
dinality of both its operands.

Definition 3.4.2. Let � be a binary operation and let x, y be vectors with length
|x| and |y|, respectively. The cardinality of x � y is defined as

| f � g| ⌘ | f | ⇥ |g| =

8

>

>

>

>

<

>

>

>

>

:

|x|, when |y| = 1
|x|, when |y| | |x|
unde f ined, when |y| - |x|

.

To improve readability, the ⇥ operator is defined to be left-associative. Hence,
|a| ⇥ |b| ⇥ |c| = (|a| ⇥ |b|) ⇥ |c|.

For the most part, this definition combines the behavior of native vector-
ized functions and recycling [?]. When the lengths of two vector operands
are not equal but the length of the longer vector is an integer multiple of
the shorter vector, the elements of the shorter vector are reused until the two
lengths are the same. This recycling procedure happens naturally in linear
algebra.

Example 3.4.2. The cardinality rules for binary operations can be generalized
to specific classes of functions, such as polynomials. Let f (x) = x3 + 2x2 � 5.
What is the cardinality of f ?

| f | = |x3 + 2x2 � 5|
= |((x3) + (2 ⇤ (x2))) � 5|
= ((|x| ⇥ |3|) ⇥ (|2| ⇥ (|x| ⇥ |2|))) ⇥ |5|
= (|x| ⇥ (1 ⇥ |x|)) ⇥ 1
= |x| ⇥ |x| ⇥ 1
= |x|

Example 3.4.3. Returning to the Z-score example, given a vector x, the final
cardinality is |x|. By breaking down the operation, we can prove that this is
true.

|Z| = |(xs �mean(xs))/sd(xs)|
= |xs| ⇥ |mean(xs)| ⇥ |sd(xs)|
= |x| ⇥ 1 ⇥ 1
= |x|
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These rules can generally be extended to multivariate functions with an
arbitrary argument list. However, as we’ll see in Section ??, some function
arguments do not contribute to cardinality. It’s up to the data scientist to
determine which arguments need to be analyzed.

3.4.4 Idempotency of vectorized functions

Since Ris vectorized, many functions are natively vectorized. Similarly, func-
tions built from vectorized functions using vectorized operations are them-
selves vectorized. These functions clearly do not need the help of map to
transform them into vectorized functions. What happens if we apply map
to the function anyway? Let’s start by analyzing the polynomial function in
Example 3.4.2. What is map f x for x = (2, 3, 4)? Evaluating sapply(2:4,f)
yields (11, 40, 91), which is no di↵erent from f(2:4). This result holds for a
broad range of functions.

Proposition 3.4.3. Let f : A ! B be a map-vectorized function. If ; < B, then
map f x = f x for x ✓ A. In other words, f is idempotent under map.

This property may seem inconsequential, but this is precisely what makes
it useful. When building a model or writing an application, it’s easy to lose
track of which functions are vectorized and which ones are not. This property
assures us that there is no harm in applying map to a vectorized function. Dur-
ing development, this can occur when evaluating one model versus another
or one implementation versus another. If a function f is vectorized while
another g isn’t, it can be a hassle switching between f(x) and sapply(x,g).
Since f is idempotent under map, there’s no need to change the call syntax.
Instead sapply can be used for both functions.

While applying map to a vectorized function is inconsequential semanti-
cally, there are other costs associated with this practice. From a performance
perspective there is a non-trivial di↵erence. In general, natively vectorized
operations are going to be faster than those performed by a map operation.
An informal comparison can be made by using system.time to measure how
long it takes to execute the function. For a more representative measurement,
we’ll want to do this a number of times. Thus, even this instrumentation
process can be implemented as a map operation. Note that in this case we map
along a sequence of indices. These have no meaning in the function, but as
with output values, there must be an input value passed to the function.

> t1  t(sapply(1:1000, function(i) system.time(f(-9999:10000)
)))

> colMeans(t1)
user.self sys.self elapsed user.child sys.child
0.001027 0.000011 0.001042 0.000000 0.000000

> t2  t(sapply(1:1000, function(i) system.time(sapply
(-9999:10000, f))))
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> colMeans(t2)
user.self sys.self elapsed user.child sys.child
0.068611 0.000430 0.069740 0.000000 0.000000

This result shows just how much slower a map operation is. During de-
velopment convenience is often more important than performance, so this
isn’t a big concern. As the code transitions to production and the size of the
datasets increase, then it is necessary to apply these sorts of optimizations as
appropriate.

3.4.5 Identifying map operations

As a codebase grows, it’s not always immediately obvious which functions are
vectorized and which ones are not. Since vectorized functions are idempotent
under map, we already know that one trick is to go ahead and apply map to
these functions. Falling back on this behavior is fine for development, but at
some point we actually need to know what the behavior of the functions we
depend on is. Its more than good housekeeping. If we want to reason about the
behavior of the system, we need to understand this aspect of our functions.
For example, can vectors be passed to replace_ext? For convenience, the
definition is provided once more.

replace_ext  function(file, ext) {
parts  strsplit(file, ".", fixed=TRUE)
sapply(parts, function(x) paste(c(x[-length(x)], ext),

collapse=’.’))
}

Looking at this function it’s not clear what will happen if a vector is
passed into this function. What’s the best way to determine if the function is
vectorized? We can take advantage of the same method we used to compute
cardinality to determine if a function is vectorized. To do this we need to be
careful of how we think about cardinality. A complication arises when dealing
with structures that can contain elements that have cardinality or are matrices.
The strsplit function is an example of this since the result is a list and each
element of the list is a vector. What this implies is that it’s necessary to keep
track of the cardinality of each variable to determine the final cardinality.
For complex functions this can become challenging, but keep in mind that
functions should typically be short. Furthermore, when functions are written
without loops and conditional branches, functions are essentially one long
sequence of function composition. This makes it easy to trace the cardinality
of the function through the body of the code. The replace_ext function is
designed this way and can be rewritten as a chain of function compositions
by removing the assignment of the intermediate variable parts.

The first step is to specify the cardinality of the function arguments, which
is essentially the function’s inital condition. In this case, | f ile| = n, and |ext| = 1.
Next is to determine the cardinality of strsplit. The documentation tells us
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(a) Initial model of replace_ext as a
graph. Arrows represent flow of argu-
ments and is reversed from a dependency
graph.

 



 





   





(b) Graph with cardinality updated based
on arguments that make meaningful con-
tributions.

that it takes a character vector and returns a list of results []. So strsplit is
vectorized, meaning that its cardinality is |strsplit( f ile, ”.”, f ixed = TRUE)| =
n. The next line is just a call to sapply, and we know that the cardinality is
preserved, so |replace ext| = n.

Notice that we didn’t even bother checking the cardinality of the closure
passed to sapply. This function is actually equivalent to a f old operation,
but since it’s being called by map, we already know that the cardinality of
the output will be the same as the input. What we don’t know is what data
structure the output will have. For this we need to consider the return value.
In this case, the result is simply a scalar, so sapply will return a character
vector. We’ll see in Chapters 6 and ?? how this can change depending on the
return type of the closure passed to sapply.

We mentioned that replace_ext is essentially an application of function
compositions. Using symbolic notation, replace_ext can be rewritten as
sapply � strsplit. These chains can be arbitrarily long, representing a complex
computation. If a function can be described in this way, it can be modeled as a
directed graph. Visualizing the function calls as a graph can aid in analyzing
the cardinality of the function. The first step is plotting each dependency
and annotating it with its cardinality. Figure ?? illustrates such a graph using
the replace_ext example. It’s okay if the cardinality is not exactly known,
as the values can remain unbound using |x| notation. We still need to know
how a function uses each argument, since not all arguments are treated the
same. This is certainly the case with strsplit where the second and third
arguments do not a↵ect the cardinality of the result. These arguments can be
excised from or marked as impotent in the graph. At this point it’s simply a
matter of applying the cardinality rules to the operations. The final result is
the cardinality of the output.
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(a) Plotting a graph assumes a consistent
ordering between the input and output
values
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(b) Decoupling the pairs of the relation
results in a random graph

FIGURE 3.13: Comparing two ’graphs’ of the same function

3.5 Order invariance

Preserving cardinality on its own doesn’t seem particularly special, so why
bother? Indeed, for functions like sapply it’s annoying worrying about an
output that changes and appears inconsistent. The value of cardinality preser-
vation is realized when coupled with order invariance. Not only is cardinality
preserved, but the output will be in the same order as the input. We actu-
ally hinted at this in Section 3.4.1 when discussing the input/output pairs of
a relation. When thinking about sets, order doesn’t matter, but for vectors,
tuples, and sequences, order is critical. In other areas of mathematics, or-
der is implied and taken for granted. Order is important when creating the
graph of a function. Points are plotted in input/output pairs as dictated by
the relation. The axes are similarly ordered, with values plotted on the graph
according to the value of the independent variable. These input/output pairs
must be kept together, otherwise the resultant graph would be garbage. To
speak of breaking the ordered pairs of a relation is mathematical heresy, but
in programming terms there is no such religion. If we desired, it’s perfectly
legal to return the values of a vectorized function in any order we want. At
first glance this may seem ridiculous, but traditionally there are a class of
data structures that have no defined order. These data structures are variously
known as dictionaries, hash tables/maps, or in R, environments. Again we
are presented with two views of the world that need to be reconciled. Figure
3.13 compares the two situations for our simple transformation: f (x) = x2.
Clearly Figure 3.13b has less information content than ??, which underscores
the importance of maintaining order across a computation. Most mathemat-
ical functions thus have an implicit pairing of values that preserves order
through a computation. We call this property order invariance.
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Definition 3.5.1. Let f : X ! Y and A ✓ x, B ✓ Y. If f [A] ! B such that
|B| = |A| and bi = f (ai) for all ai 2 A, bi 2 B, then f is order invariant.

Order invariance is the result of mapping an ordered set of values to a
sequence. This sequence is better known as the index of the vector. By making
this process explicit, the ordinals can actually be reused. This property is
useful when working with various sets that all have the same ordering. This
property is exploited whenever a set operation is performed, which we’ll
discuss at length in Chapter 5. It also becomes handy when appending vectors
to data frames (Chapter ??) since each column is assumed to have the same
ordering. We used both of these techniques in Section ?? when automating a
spot check on the parsed data.

Comparing Definition 3.5.1 with the definition of map, we can see that by
definition, map operations are order invariant. Hence, the order of the output
will be the same as its input.

Proposition 3.5.2. The higher order function map is order invariant.

Returning to the spot checks in Section ??, the final operation was

spot.checks$actual  apply(spot.checks,1, fn).

Each row represents a specific test with an expected value. The map operation
appends a new column containing the actual value in the specified cell. Hence
the ordering is defined by the rows of df, whatever they are. Calling apply
preserves the ordering and returns the value in the same order. Notice that
we aren’t concerned with the actual order of the records. What matters is
that the order is invariant under map. We can convince ourselves of this by
starting with a di↵erent order and then applying map.

> spot.checks.a  spot.checks[sample(1:nrow(spot.checks),nrow(
spot.checks)),]

> spot.checks.a$actual  apply(spot.checks.a,1, fn).
> spot.checks.a

county measure expected actual
2 Grand Cape Mount dead.total 7 7
1 Montserrado alive.probable 16 16
3 National alive.total 34 34

What happens to the ordinality if cardinality is not preserved? To under-
stand the e↵ect on ordinality, consider a cartoon function

f (x) =

8

>

>

<

>

>

:

x2 i f xiseven
; otherwise

,

which behaves like f (x) = x2, except that all odd values are not com-
puted. Suppose we want to compute the graph of f over x = (1, 2, 3, 4, 5, 6).
Hypothetically, we expect the result to be y = (4, 16, 36), since the rules of
concatenation will remove all instances of ;. Consequently, the ordering is
lost as x2 now maps to y1, x4 maps to y2, and so forth, as illustrated in Figure
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??. 7 Mathematically the e↵ect of this function is to map values out of the
range completely! If we make further calculations and want to compare back
to x, it becomes a burden to recover the mapping between the two sets of
indices.

A more practical example can be found in the ebola data. When parsing
the rows of a table, what happens if there are fewer columns than expected?
Novice Rusers coming from other languages might be tempted to return
a NULL value. Using this approach can result in a loss of cardinality, and
consequently, a loss of ordinality. In Section 3.2.3 we defined the function
get_series that parses a row of data. The last line of this function is

as.numeric(gsub( [ 0 -9] , , chunk)).

Our implementation removes all non-numeric characters prior to parsing a
numeric value. If we were cavalier and didn’t include this, what would be
the result of as.numeric if it tried parsing non-numeric data? Suppose that
the chunk looks like c(’23’,’34’,’12a’).

> as.numeric(chunk)
[1] 23 34 NA
Warning message:
NAs introduced by coercion

So as.numeric preserves cardinality by using NA as a placeholder for un-
parseable values. Most functions that ship with Rbehave this way. User-
defined code might not be so reliable. Let’s see what happens if we try to
parse the function returns NULLs instead of NAs. This can happen if we check
the value of cells first and carelessly choose to return a NULL value as a default
value. It’s quite plausible that we use the do.call trick to indiscriminately
collapse the output.

> fn  function(x) if (grepl(’[a-zA-Z]’, x)) NULL else
as.numeric(x)

> do.call(c, lapply(chunk, fn))
[1] 23 34

The result is as expected. The output cardinality is di↵erent from the input
cardinality. When cardinality isn’t preserved, there’s no way for us to know
the ordering of the result. In other words, we cannot identify the field con-
taining the bad parse value without manually comparing the input and the
output. A good rule of thumb, therefore, is to return NA if it’s necessary to
preserve order and cardinality.

The lesson here is that ordering is a key property that we often take for
granted. We’ve seen how ordering plays an important role when working
with data structures. In Chapter ??, we’ll see that f old operations are not
guaranteed to be order invariant, which makes it di�cult to know what

7Note that the ordering is still monotonic but is not complete since elements are removed. In
Chapter 5 we’ll revisit this behavior.
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e↵ect specific inputs have on the end result. These two properties are what
utimately makes map so powerful. By using map, functions that go beyond
built-in operations can retain declarative vector semantics.

3.6 Function composition
Our discussion of map properties has so far been limited to single functions,
such as f (x) = x2. What can we say about these properties for more complex
structures? From our discussion on computing cardinality, it’s clear that func-
tion composition of vectorized operations preserves cardinality, and therefore
order. The relationship between map and function composition runs deeper,
with function composition itself being preserved under map.

Proposition 3.6.1. Let f : B ! C, g : A ! B be functions. Then map( f � g, x) =
(map f �map g)x, for x ✓ A.

Given another function g(x) = log x, let’s see how to apply this proposition
to actual functions. It can be helpful to convert the composition symbol into a
more familiar form. The definition isn’t so helpful, though, since expanding
( f � g)(x) ! f (g(x)) is no longer a function reference. A quick way around
this is to use lambda notation to preserve the function reference: map( f �
g, x) = map(�a. f g a, x). This form is actually the same approach necessary to
implement the function composition in R: sapply(x, function(a)f(g(a)
)). Proposition 3.6.1 is saying that this is equivalent to map f � map g. What
does this notation mean though? Here again it’s useful to interpret this from
a lambda calculus perspective. The term map f is a partially applied function,
with only the first-class function argument bound. This makes sense since �
takes functions as arguments. Expanding this out we get (map f � map g)x =
map f (map g x). In R this translates to sapply(sapply(x, g), f).

To make this clearer, let’s use some actual values. Suppose x = (1, 2, 3, 4, 5).
Then map( f � g) is

> f  function(x) xˆ2
> g  function(x) log(x)
> x  1:5
> sapply(x, function(a) f(g(a)))
[1] 0.000000 0.480453 1.206949 1.921812 2.590290.

Alternatively, map f �map g is

> sapply(sapply(x, g), f)
[1] 0.000000 0.480453 1.206949 1.921812 2.590290.

One application of this equivalence is that it’s possible to improve per-
formance by restructuring a calculation. Portions of code can be parallelized
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di↵erently based on the computational needs of each function. In other lan-
guages, a single map operation will generally be faster than two. However,
in R this heuristic is not so cut and dry. The reason is that natively vec-
torized functions can be orders of magnitude faster than their non-native
counterparts. Obtaining the best performance thus requires that functions
are composed according to which functions are natively vectroized. Obvi-
ously this needs to be tested on a case-by-case basis. It’s also possible to move
around bits of computation according to the overall system design without
having to worry about whether the calculation will change.

Not surprisingly, both cardinality and ordering is preserved under func-
tion composition. This property also gives us assurance in that both map and
function composition do not change the nature of a calculation.

Proposition 3.6.2. Let f : A! B and g : B! C be scalar functions. For vector x
with length n, if ; < B and ; < C, then |map( f � g, x)| = n.

Example 3.6.1. In Section 3.2.3 we discussed a function that had two suc-
cessive applications of map. It’s so natural to expect that cardinality will be
preserved that we didn’t notice its significance. The call was

indices  get_index(lines, markers)
rows  lapply(indices, function(i) get_series(lines,i,size)).

Proposition 3.6.2 tells us that the final cardinality will be |lines|. Or does
it? We’re only guaranteed preservation of cardinality when composing map
operations. To take advantage of Proposition 3.6.2 we need to first show that
get_index is map-vectorized. Upon inspection, it seems to be, since it contains
a call to lapply. However, since the second line is of the form do.call(c,
x), cardinality is not guaranteed. Therefore, this function is technically not

map-vectorized, so we can’t take advantage of this proposition.
Note that according to Proposition 3.6.1, this call can also be written

as map(�x.GetSeries(lines,GetIndex(x,markers), size), lines). Even though this
transformation is legal, we still cannot make claims about the final cardinality
of the operation.

3.6.1 Map as a linear transform

A related property to function composition is linearity. Recall that a function
or transformation L is linear if the following relationships are satisfied:

(a) L(u + v) = Lu + Lv

(b) L(au) = aLu,

where a is a scalar. In linear algebra, u and v are typically vectors, but this is not
a requirement. It depends on the argument types of the transformation. For
higher order functions, their arguments are functions. Higher order functions
like the di↵erential and the integral are both linear operators. This property



92 Modeling Data With Functional Programming In R

can yield simplifications and other transformations to aid in problem solving.
Linearity is not limited to the above functions and is also satisfied by map.

Proposition 3.6.3. The map function preserves linearity. Let vector x 2 Xn and
a 2 X. If f and g are linear, then the function map is linear.

(a) map(y, f + g) = map(y, f ) +map(y, g)

(b) map(y, a f ) = a map(y, f )

The value of this property is similar to that of function composition.
Sometimes performance can be improved by rearranging a calculation. The
most obvious example is if f and g are both computationally expensive and
the final value comprises their sum. In this situation, f can be computed
on one machine while g is computed on another machine. The sum can be
performed wherever since it’s computationally cheap.

3.7 Summary
This chapter gave a comprehensive treatment of the higher order function
map. We’ve seen how common map-vectorized operations are in data anal-
ysis, from the native algebraic operations to parsing and validating data.
Clearly it has applications beyond these use cases. Generally, map transforms
any scalar function into a vectorized function. As an operator, map is special
because it preserves cardinality and is order invariant. These properties en-
able us to reason about the character of a map operation, which can aid in the
development of models.


