
Received ; Revised ; Accepted
DOI: xxx/xxxx

RESEARCH ARTICLE

Handwriting Identification using Random Forests and
Score-based Likelihood Ratios

Madeline Quinn Johnson | Danica M. Ommen*

1Center for Statistics and Applications in
Forensic Evidence, Iowa State University,
Iowa, United States
Correspondence
*Danica M. Ommen, Department of
Statistics, Iowa State University, Ames, Iowa,
United States Email: dmommen@iastate.edu
Funding
This work was partially funded by the Center
for Statistics and Applications in Forensic
Evidence (CSAFE) through Cooperative
Agreements 70NANB15H176 and
70NANB20H019 between NIST and Iowa
State University, which includes activities
carried out at Carnegie Mellon University,
Duke University, University of California
Irvine, University of Virginia, West Virginia
University, University of Pennsylvania,
Swarthmore College and University of
Nebraska, Lincoln.

Summary

Handwriting analysis is conducted by forensic document examiners who are able to
visually recognize characteristics of writing to evaluate the evidence of writership.
Recently, there have been incentives to investigate how to quantify the similarity
between two written documents to support the conclusions drawn by experts. We use
an automatic algorithm within the ‘handwriter’ package in R, to decompose a hand-
written sample into small graphical units of writing. These graphs are sorted into 40
exemplar groups or clusters. We hypothesize that the frequency with which a per-
son contributes graphs to each cluster is characteristic of their handwriting. Given
two questioned handwritten documents, we can then use the vectors of cluster fre-
quencies to quantify the similarity between the two documents. We extract features
from the difference between the vectors and combine them using a random forest.
The output from the random forest is used as the similarity score to compare docu-
ments. We estimate the distributions of the similarity scores computed frommultiple
pairs of documents known to have been written by the same and by different persons,
and use these estimated densities to obtain score-based likelihood ratios (SLRs) that
rely on different assumptions. We find that the SLRs are able to indicate whether
the similarity observed between two documents is more or less likely depending on
writership.
KEYWORDS:
Handwriting analysis, Machine Learning, SLR

1 BACKGROUND

Forensic handwriting analysis has traditionally been conducted by trained forensic examiners who rely on visual inspection to
compare writing samples. The assumption that underlies forensic handwriting examination is that each person has a unique
writing style that is developed over years and that may depend on cultural, demographic, and physiological factors [8]. After
reviewing the evidence, forensic document examiners (FDEs) summarize their findings using categorical conclusions such as
"identification," "strong probability," "probable," "indicate," "indeterminable," among others [6]. The 2009 National Research
Council’s report "Strengthening Forensic Science in the United States" includes an outline of current practices and concludes
that the scientific basis of handwriting analysis must be strengthened [10]. In recent years, methods to quantify the similarity
between two handwritten samples have been proposed, and software to implement those methods is now available. FLASH ID is
a software tool developed by Sciometrics that uses the topology and "geometric features" in handwriting samples from a closed
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FIGURE 1 Example of a cluster exemplar (red) and all graphs in this cluster (gray).

set of writers. FLASH ID then provides a ranked list of the writers in that set who are most likely to have written the questioned
document [9]. Another approach proposed by Hepler et al. numerically evaluates the similarity in handwriting with score-based
likelihood ratios [7].
Earlier work performed by researchers in the Center for Statistics and Applications in Forensic Evidence (CSAFE) focused

on estimating the probability that two documents have the same source [5]. This is known as forensic identification of a common
source. In this context, the goal is to determine whether the two documents were written by the same person, even if the identity
of that person is unknown [11]. Furthermore, Crawford and collaborators considered only the closed set scenario, which requires
that all of the potential sources of the handwriting to be known [3].
We extend the scope of the research to the open set case, where the writer of the documents can be anyone in a defined

population sub-group. More specifically, the objective is to estimate the probability that two samples were authored by the same
or by a different writer without the requirement of knowing all of the potential sources. The score-based likelihood ratio (SLR)
approach provides an open-set solution to the question of whether the similarity observed between a questioned and a known
document supports the proposition that the documents were written by the same person. To compute the SLR, several decisions
regarding the distance/scoring function and the method for estimating score densities, for example, need to be made. We explore
both common source and specific source SLR approaches using simple distance measures between two documents as inputs for
a random forest which outputs a score between 0 and 1 which can be losely interpreted as the empirical probability of same
source. We then use a kernel density framework to estimate the densities of the similarity scores among pairs of documents
known to have been written by the same or by different persons. These approaches are applied to a handwriting data set collected
by CSAFE.

2 DATA

Handwriting samples were collected in a study conducted by CSAFE at Iowa State University [4]. Participants were asked to
copy three prompts in their natural handwriting with a ballpoint pen and unlined paper supplied by CSAFE. The prompts include
"The London Letter," an excerpt from the book The Wizard of Oz, and the short phrase: "The early bird may get the worm, but
the second mouse gets the cheese." The longest of the prompts is "The London Letter" which has been used in other studies
because it contains the numbers 0 through 9 and all of the letters in the alphabet in both uppercase and lowercase. Here, we use
the samples obtained from 90 participants, most of who provided three replicates of each prompt.
In an earlier project, researchers in CSAFE developed an R package to extract features from gray-scale images of the writing

samples [1]. The algorithm decomposes writing into small graphical units that roughly (but not always) correspond to characters.
These graphs were then sorted into 40 clusters using a k-means approach. Figure 1 shows one of the clusters, as illustration
[5]. Each cluster is characterized by an exemplar graph, shown in red in the figure.
Crawford et al. [5] proposed that the frequency with which a writer contributes graphs to each cluster is characteristic. They

assumed that the observed 40-dimensional vectors of frequencies were drawn from a multinomial distribution with parameter
vector �w, unique for each writer. Crawford et al. considered the case where the writer of a document is in a closed set of writers.
Here we relax the closed set assumption, and instead focus on the problem of comparing any two documents to determine
whether they were written by the same person. Even though we will also use the 40-dimensional vectors of frequencies as the
response variable, we transform these vectors to account for the fact that the total number of graphs in the two documents may
vary. See Section 3 for further details.
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3 METHODS

3.1 Forensic Identification of Source
Suppose that a crime is committed, and the evidence consists of two handwritten documentsEx andEy. We distinguish between
two different scenarios which can be summarized as follows [11]:

• Common source scenario, which can be represented by two propositions, colloquially referred to as the prosecution and
defense, where Ex and Ey are questioned documents with unknown writer(s):

Hp:Two questioned documents, Ex and Ey, were written by the same, unspecified person.
Hd:Two questioned documents, Ex and Ey, were written by two different unspecified people.

• Specific source scenario, where Ex is a questioned document and Ey is now a reference sample obtained from the
defendant, and the prosecution and defense propositions are:

Hp:The questioned document, Ex, was written by the defendant who wrote the known document, Ey.
Hd:The questioned document, Ex, was written by some person other than the defendant who wrote the known

document, Ey.

In both scenarios, a useful approach to quantify the weight of the evidence in favor of the prosecution’s (or the defense’s)
propositions is the likelihood ratio. If x, y are features measured fromEx andEy, respectively, and if f (x, y|Hp) and f (x, y|Hd)
are probability models that describe the joint distribution of those features under the two hypotheses, then the likelihood ratio
is computed as the ratio

LR =
f (x, y|Hp)
f (x, y|Hd)

,

and quantifies the odds of observing the evidence if the prosecution’s hypothesis is correct.When the feature vectors of the evi-
dence are highly dimensional and complex, as is the case with handwriting features, it is often very difficult to define reasonable
statistical models for these features.
An alternative is to use score-based likelihood ratios (SLRs) to approximate the weight of evidence [12]. Score-based

likelihood ratios are defined as:
SLR =

g(Δ(x, y)|Hp)
g(Δ(x, y)|Hd)

,

where Hp and Hd are as defined earlier, Δ(x, y) is a (dis)similarity score for a comparison between x and y, g(⋅|Hp) is the
probability density of comparison scores when the prosecution hypothesis is assumed to be true, g(⋅|Hd) is the probability
density of comparison scores when the defense hypothesis is assumed to be true. Practically, the densities, g, are estimated using
a set of comparison scores reflecting what you would expect to see when the relevant hypothesis is true. In the remainder, we
focus on SLRs and their calculation and interpretation in the two different scenarios introduced above.
In the common source scenario, the formulation of the SLR is relatively straightforward. For illustration, refer to the top panel

in Figure 2 . With three writers and three samples per writer, there are 36 different paired comparisons that are possible, and
those are indicated in the colored squares in the figure. In this case, the numerator of the SLR is indicated in red and marked with
an ‘N’, and the denominator is indicated in blue and marked with a ‘D’, and correspond to comparisons between sample pairs
that are used to estimate g(⋅|Hp) and g(⋅|Hd), respectively. The numerator scores represent all comparisons between pairs of
documents from the same writer, whereas the denominator scores represent all comparisons between pairs of documents from
different writers.
In the specific source scenario, the document pairs used to estimate g(⋅|Hp) in the numerator are colored in red and marked

with an ‘N’ in the bottom panel of Figure 2 . The numerator scores represent all comparisons between pairs of documents
written by the defendant (denoted “Source" in the figure). Next, the pairs of documents that are used to estimate g(⋅|Hd) in the
denominator depend on the precise formulation ofHd . We consider three different approaches for the specification of the pairs
of documents used to calculate the denominator in the SLR proposed by [7]. The three approaches are denoted “trace-anchored”,
“source-anchored” and “general-match”, and the pairs of documents to construct the denominator of the SLR in each case are
shown in different colors in the bottom panel of Figure 2 .
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FIGURE 2 Document pairs used to create the numerators and denominators in common source, trace-anchored, source-
anchored, and general-match score-based likelihood ratios.

For the trace-anchored approach, only the comparisons between the questioned document (or trace, previously denoted Ex)
and a collection of writers different from the specific source (often called the background population or database) are used. These
sample pairs are shown in green and marked with a ‘T’ in the bottom panel of Figure 2 . For the source-anchored approach, only
the comparisons between the writing from the specific source (in this case, the defendant) and the other writers in the background
population are used. These document pairs are shown in orange and marked with an ‘S’ in the bottom panel of Figure 2 . Finally,
for the general-match approach, only the comparisons between samples from different writers in the background population are
used. These are the same comparison pairs used in the estimation of the denominator of the common source SLR, and are shown
in blue and marked with a ‘G’ in the bottom panel of Figure 2 .

3.1.1 Scores for Comparison of Handwritten Samples
Following [3], we rely on the frequency of graphs contributed by a writer to each of 40 clusters. An important difference,
however, is that in our case, the two documents to be compared can differ in length and consequently, in the total number of
graphs extracted from it. Therefore, the multinomial probability model of [5] is no longer appropriate. Instead, we consider the
proportions of graphs allocated to each of the clusters. As in [5], we hypothesize that the proportion of graphs allocated to each
cluster is typical of the writer. To compare two vectors of observed proportions, denoted by x and y, we considered two different
distance metrics. The first is the element-wise absolute differences in the observed feature vectors for both documents, and is
given by

dA(x, y) = |x − y|
where the difference between the vectors is performed element-wise. The second is the Euclidean distance in the observed
feature vector for both documents, and is given by

dE(x, y) =
√

∑K
i=1(x[i] − y[i])

2

where the subscript [i] denotes the itℎ element of each vector and K is the vector length (number of clusters). Concatenating
these distances into one single vector results in a 41-dimensional vector of distances between documents in a pair.
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To summarize the feature vectors, a random forest algorithm is trained to classify these distance vectors as being a "same-
writer" or "different-writers" comparison between two documents. Let rfm(DKM , DKNM ) be used to denote the training step of
the random forest algorithm for methodm (which will correspond to the type of SLR) which takes as input labelled training data
consisting of vector of distances between known-matching pairs, DKM , and vectors of distances between known-non-matching
pairs, DKNM . For example, the random forest that computes the scores needed to construct the common source SLR would be
trained on a set of known-match distances computed from sample pairs corresponding to the red ‘N’ in the top panel of Figure
2 and a set of known-non-match distances computed from sample pairs corresponding to the blue ‘D’, denoted by DCS and
DGM , respectively. Thus, rfCS is trained on the labelled data (DCS , DGM ). Similarly, the random forests that compute the scores
needed to construct the three specific source SLRs would be trained on a set of known-match distances computed from sample
pairs corresponding to the red ‘N’ in the bottom panel of Figure 2 , denoted DSS , and three different sets of known-non-match
distances computed from sample pairs corresponding to the green ‘T’, orange ‘S’, and blue ‘G’, denoted by DTA, DSA, and
DGM , respectively. So, the random forest for the trace-anchored approach, rfTA, is trained on the labelled data (DSS , DTA), the
random forest for the source-anchored approach, rfSA, is trained on the labelled data (DSS , DSA), and the random forest for the
general-match approach, rfGM is trained on the labelled data (DSS , DGM ). Once the rfm is trained, then the prediction step of
the random forest algorithm takes as input a vector of distances from a new comparison, and outputs the resulting proportion of
decision trees that classified the distance measures as originating from a "same-writer" comparison, denoted in functional form
as r̂fm ∶ (ℝ+)K+1 → [0, 1]. These outputs will be referred to as "similarity scores" because a larger score is more indicative
of a "same-writer" comparison whereas a smaller score is more indicative of a "different-writer" comparison. In this case, the
function for producing scores, Δm, can be considered a composition of functions such that Δm = r̂fm◦(dA, dE). Note that this
implies that the random forest algorithms used for the specific source SLRs need to be trained specifically to each defendant. In
order to save the computational burden required to re-train each specific source random forest, we will explore using r̂fCS for
generating the scores, see Section 3.3.2 for further details.
In some circumstances, such as the illustrative example given in [7] with normally-distributed features and a squared-

difference distance function, the distributions of the scores can be derived analytically from the features of the data. However,
this is not the case for this handwriting application. Because we have decided to use these features as input variables for the
"black-box" random forest algorithm to generate our scores, it is unclear in this case what the distribution of the scores should
be under our two hypotheses. Therefore, we have chosen a non-parametric kernel density estimation (KDE) approach to mod-
elling the densities of the scores underHp andHd , denoted by ĝ(⋅|�) where � denotes a set of scores used to create the density
estimate. For our purposes, the KDE is implemented using the density function in R [13] assuming a Gaussian kernel (with
the default bandwidth selection) within the bounds [0, 1].

3.1.2 Score-based likelihood ratios
Recalling that the score densities defining the common source SLR are estimated by performing all same-writer and different-
writers pairwise comparison scores according to the top panel in Figure 2 , let the random forest similarity scores used to
estimate g(⋅|Hp) and g(⋅|Hd) be denoted by �CS and �GM , respectively. Therefore, the common source SLR is defined as

SLRCS(x, y) =
ĝ(ΔCS(x, y)|�CS ,Hp)
ĝ(ΔCS(x, y)|�GM ,Hd)

. (1)
Similarly, the score densities defining the three specific source SLRs are estimated by performing same-writer and different-

writers pairwise comparison scores according to the bottom panel in Figure 2 . The numerator for each of the three SLRs
from [7] are estimated using similarity scores in handwriting samples from the same, fixed writer (in this case, the fixed writer
will be the defendant). However, with small numbers of samples from the defendant, there aren’t enough scores available for
estimating the density. Following the experiment by Hepler et al. [7], multiple "pseudo-documents" were created from the
available reference samples from the defendant. First, all of the reference samples are combined to create one large "template"
for the specific source. In each of the templates, there is a given total number of graphs and a random number is drawn to
split the template into two pseudo-documents. After splitting the graphs, the proportions in each cluster are recorded in each
pseudo-document pair, denoted by y∗1 and y∗2. A random forest similarity score is calculated between the two feature vectors,
Δm(y∗1, y

∗
2) = r̂fm◦(dA, dE)(y

∗
1, y

∗
2). This process is repeated 1,000 times for each template to create 1,000 scores used to estimate

g(⋅|Hp) in the numerator of each specific source SLR, denoted by �SS . A diagram of these steps is illustrated in Figure 3 .
Next, the comparison scores for estimating the three denominator densities are computed based on the relevant population.

The trace-anchored denominator is defined as "the evidence score arises from the distribution of scores obtained by pairing the
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FIGURE 3 Diagram of the procedure for creating the collection of pseudo-documents from all of a writer’s documents.

questioned document with a template written by a random individual" [7]. So, the denominator is the comparison between this
questioned document and all other documents that are not written by the defendant. For the trace-anchored approach, let the
random forest similarity scores used to estimate g(⋅|Hd) in the denominator be denoted by �TA. Thus, the trace-anchored SLR
is defined by

SLRTA(x, y) =
ĝ(ΔTA(x, y)|�SS ,Hp)
ĝ(ΔTA(x, y)|�TA,Hd)

. (2)
The source-anchored denominator is defined as: "the evidence score arises from the distribution of scores obtained by pairing

a questioned document written by a random individual with the template written by the suspect" [7]. To do this, we compare
the documents written by the defendant to documents written by all other writers in the relevant population. For the source-
anchored approach, let the random forest similarity scores used to estimate g(⋅|Hd) in the denominator be denoted by �SA. So,
the source-anchored SLR is defined by

SLRSA(x, y) =
ĝ(ΔSA(x, y)|�SS ,Hp)
ĝ(ΔSA(x, y)|�SA,Hd)

. (3)
Lastly, the scores used to define the general match denominator are the same as the ones used in the denominator of the com-

mon source SLRs. We compare two documents written by two different people in the relevant population. For the general-match
approach, let the random forest similarity scores used to estimate g(⋅|Hd) in the denominator be denoted by �GM . Consequently,
the general-match SLR is defined by

SLRGM (x, y) =
ĝ(ΔGM (x, y)|�SS ,Hp)
ĝ(ΔGM (x, y)|�GM ,Hd)

. (4)
The general match denominator excludes all known different-source comparisons that involve either the questioned document

or the documents from the defendant. For the source-anchored denominator, known different-source comparisons involving the
questioned document are excluded. In contrast, the trace-anchored denominator excludes all known different-source comparisons
involving the defendant’s documents. Both the trace-anchored and source-anchored denominators exclude known different-
source comparisons involving two different writers from the relevant population. Refer back to Figure 2 for an illustrative
example of which scores are used in each SLR construction.

3.2 Simulation Study
Because the methods proposed above have not been applied to handwriting analysis before, the feasibility of this SLR approach
is explored using simulated data for the common source scenario. To do this, the feature vectors for documents from a given
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FIGURE 4 Kernel density estimation of random forest similarity scores (left panel) and common source score-based likelihood
ratios (right panel) for same (red) and different (blue) writer comparisons of simulated Dirichlet data.

writer are simulated from a Dirichlet distribution. The elements of the parameter vector of this Dirichlet distribution, �1,⋯ , �40,
correspond to the rate a which a specific writer emits graphs to each cluster, and for this simulation are generated from a uniform
distribution. In order to test the common source SLR approach, scores representing a comparison of writing samples are needed
within the same writer and between different writers. Therefore, three sets of 10,000 random variables were simulated. Two sets
were drawn from a Dirichlet with the same parameter vector and the third set from a Dirichlet with another parameter vector. The
element-wise absolute differences and Euclidean distances between samples in the first and second sets represent known "same-
writer" document pairs whereas comparisons between samples in the first and third sets will represent known "different-writers"
document pairs. This data constituted the training set.
Next, a random forest trained on this dataset will classify new distancemeasures as deriving from a "same-writer" or "different-

writers" comparison. A second testing dataset was simulated with the same procedure as the training dataset to create more
known same-writer and known different-writers pairs. The test set was fed into the trained random forest, and the output gives
us a set of similarity scores that are used to estimated score densities for the numerator and denominator of the common source
SLR. The resulting KDEs are show in the left panel of Figure 4 .
A third validation dataset was simulated in the same way as the previous two and the distance metrics computed for each. The

similarity scores for each pair were determined using the trained random forest algorithm. Leaving one resulting comparison out
at a time to represent the current questioned documents, the density function value for the questioned comparison is estimated
from both the prosecution ("same-writer") and defense ("different-writers") estimated distributions plotted in the left panel of
Figure 4 . SLRs are then calculated by taking the ratio of the two density values. It is expected that SLR value would be
small for those scores corresponding to known different-writers comparisons and large for known same-writer comparisons.
The distribution of SLR values from the simulated validation data is show in the right panel of Figure 4 . For the purposes of
visualization, SLRs calculated to be infinite are replaced by the largest finite SLR in the dataset. The results from the simulation
study suggest that the proposed method may be a reasonable approach for inferring writership for real handwriting data.

3.3 Application to handwriting data
3.3.1 Common Source Score-based Likelihood Ratios
To evaluate the performance of the common source SLR method, the first session of the CSAFE dataset is split into a training
set and a testing set. The training set was created by taking a random sample of 80% of the writers. The remaining 20% of
the writers are reserved for the testing set. In addition, the training and testing sets are split into 4 different subsets. The first 3
subsets correspond to separating the writing by the 3 different prompts. The fourth subset corresponds to separating the writing
by repetition, then all 3 prompts within the same repetition are concatenated to create one large, combined document. Because
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FIGURE 5 Kernel density estimation of random forest similarity scores (left panel) and common source score-based likelihood
ratios (right panel) for same (red) and different (blue) writer comparisons for the CSAFE data London Letter prompt.

there were 3 replicates of each prompt, each datasest will consist of 3 samples for each writer. Therefore, there will be 4 different
training and testing sets, one corresponding to each of the three prompts and one for the combined document. For all samples
in the CSAFE dataset, the handwriter package was used to extract the features (the proportions of graphs in each of K = 40
clusters). So, for sample Ews corresponding to prompt, p = L,W , P , C (for the London Letter, Wizard of Oz, short phrase, and
combined prompts, respectively) denote the corresponding features as z(p)ws. In the training set w = 1, 2,… , 72, in the testing set
w = 1, 2,… , 18, and in both s = 1, 2, 3.
To create a group of known same-source comparison scores to estimate the density for scores under the prosecution hypothesis,

all pairwise comparison scores within the same writer were taken among all of the documents for a given prompt written by the
training-set writers. Let these comparison scores be denoted by �(p)CS = {Δ(z(p)ws, z(p)w′s′) ∶ w = w′}. To create a group of known
different-source comparison scores to estimate the density for scores under the defense hypothesis, all pairwise comparisons
between documents for a given prompt written by two different training-set writers were taken. Let these comparison scores be
denoted by �(p)GM = {Δ(z(p)ws, z

(p)
w′s′) ∶ w ≠ w′}. Since there are manymore comparisons between documents from different writers

than same writer (|�(p)CS | = 72
(3
2

)

= 216 compared to |�(p)GM | =
(72⋅3
2

)

− 216 = 23, 004), the number of document comparisons
between different writers was downsampled (randomly) to be equal to the number from same writers. An example of the KDE
for the known same-source and different-source scores from the training set is shown in the left panel of Figure 5 (the KDE
plots for the remaining prompts are given in the Appendix). While the training dataset consisted of an equal number of distance
measures from documents written between same writer and different writers, the testing dataset did not. Each comparison score
in the testing dataset served the role ofΔ(x, y) and the corresponding common source SLR values were calculated using Equation
1. An example of the distribution of common source SLR values resulting from the testing set is provided in the right panel of
Figure 5 (the SLR histograms for the remaining prompts are given in the Appendix). Receiver operating characteristic (ROC)
curves, associated area under the curve (AUC), and Tippet plots were created to assess the performance of the common source
SLRs; see Section 4 for details.

3.3.2 Specific Source Score-based Likelihood Ratios
In the analyses so far, the score-based likelihood ratio has been defined with respect to the common source hypotheses. It is rea-
sonable to expect that repeating the procedure to get specific source SLRs for the same data would result in similar conclusions.
To evaluate the performance of the specific source SLR methods, the first session of the CSAFE dataset is again used. One
difference between this application and the common source applications is that the specific source SLRs include information
about the suspected source of the writing and vary for each defendant considered. To compare the behavior of these SLRs to the
common source, three writers (sources/defendants) were selected to include one writer that is typical of the relevant population
(handwriting features are similar to a large number of other writers), one that is rare in the population (handwriting features
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are different from a large number of other writers), and one in-between. Within the dataset representing the relevant population
(the 90 writers in the CSAFE dataset), the Euclidean distance between feature vectors was computed for each possible pair-
wise comparison. After ordering the sum of Euclidean distances by writer, the writer associated with the minimum, median
and maximum distances were selected (writer 0145, writer 0063 and writer 0004, respectively). We investigate two methods for
determining which random forest is employed to compute the similarity scores. The first method uses the random forest trained
with all of the combined documents for addressing the common source problem (pre-trained random forest). The second trains
random forests according to the SLR of interest.
Begin by considering the unmodified specific source SLR approach using the SLR-specific random forest scores. For this

approach, we only consider the combined prompts from the 90 CSAFE writers (3 samples each). Further, let w = j be the
index corresponding to the writer playing the role of the defendant (j is the index corresponding to writer 0145, 0063, or 0004),
and so the jtℎ writer wrote the reference document Ey. For the numerator of each of the three specific source SLRs, there are
3 reference samples from writer j. We combine all 3 samples to create one large template, and then follow the procedure to
create 1,000 pseudo-document pairs and extract their corresponding features, denoted by (y∗(s)1 , y∗(s)2 ) where s indexed the split
iteration. Then, use the appropriate random forest to calculate the similarity scores, Δm(y∗(s)1 , y∗(s)2 ). Finally, randomly assign
two-thirds (n = 667) of these scores to the training dataset and the remaining one-third (n = 333) to the testing set. Thus, for
a given writer j there is a different set of similarity scores that are used to estimate the numerator density for each of the three
different SLR methods: 1) for the trace-anchored approach �SS = {ΔTA(y

∗(s)
1 , y∗(s)2 ) ∶ s = 1,… , 667} in Equation 2, 2) for

the source-anchored approach �SS = {ΔSA(y∗(s)1 , y∗(s)2 ) ∶ s = 1,… , 667} in Equation 3, and 3) for the general-match approach
�SS = {ΔGM (y

∗(s)
1 , y∗(s)2 ) ∶ s = 1,… , 667} in Equation 4.

Next, we need to create the similarity scores for the denominator of each specific source SLR, for which there are 89 avail-
able writers (excluding j) and 3 samples from each writer. So, for the stℎ sample from the wtℎ available writer, Ews, denote
the corresponding features as zws. For the trace-anchored approach, compute all similarity scores between the features of the
questioned document, x, and all samples from the available alternative writers, �∗TA = {ΔTA(x, zws) ∶ w ≠ j}. For the CSAFE
data there will be |�∗TA| = (w − 1)s = 267 comparisons. Then, randomly assign two-thirds to the training set and the remain-
ing one-third to the testing set. Thus, �TA = {random selection of n = 178 scores from �∗TA} are the similarity scores used
to estimate the denominator density in Equation 2. For the source-anchored approach, compute all similarity scores between
the features of the defendant’s template ((all 3 prompts combined), y∗, and all samples from the available alternative writers,
�∗SA = {ΔSA(y∗, zws) ∶ w ≠ j}. Like the trace-anchored approach, there are |�∗SA| = (w − 1)s = 267 comparisons for
the CSAFE dataset. Again, randomly assign two-thirds to the training set and the remaining one-third to the testing set. Thus,
�SA = {random selection of n = 178 scores from �∗SA} are the similarity scores used to estimate the denominator density in
Equation 3. For the general-match approach, among the available writers, compute all similarity scores between two samples
from different writers, �∗GM = {ΔGM (zws, zw′s′) ∶ w ≠ w′, w ≠ j, w′ ≠ j}. With 89 available writers and 3 samples each, there
are |�∗GM | =

((w−1)s
2

)

−w
(s
2

)

= 35, 244 comparisons for the CSAFE data. Randomly assigning two-thirds to the training set and
the remaining one-third to the testing set, then �GM = {random selection of n = 23, 496 scores from �∗GM} are the similarity
scores used to estimate the denominator density in Equation 4.
Now that the training and testing sets have been defined, each comparison score in the testing dataset served the role of

Δm(x, y) and the corresponding specific source SLR values were calculated using Equations 2-4. ROC curves summarizing the
performance of each specific source SLRmethod are provided in Section 4. See the Appendix for additional details of the results.
Because training the random forest for each defendant can be computationally intensive for utilizing this approach in practice,

we exploredwhether a single, pre-trained random forest could be used to get the similarity scores for the specific source SLRs. For
this experiment, we chose to use the common source random forest, r̂fCS , trained on the combined prompts from the 72 CSAFE
writers in the common source training set. This random forest was used to create the scores for the specific source training sets
described above, so essentially there are four changes: 1) the numerator densities for the specific source SLRs are all estimated
using the set of similarity scores �SS = ΔCS(y∗(s)1 , y∗(s)2 ) ∶ s = 1,… , 667}, 2) the denominator density of the SLR for the trace-
anchored approach is estimated using the set of similarity scores �TA corresponding to a random two-thirds selection of the scores
in �∗TA = {ΔCS(x, zws) ∶ w ≠ j}, 3) the denominator density of the SLR for the source-anchored approach is estimated using
the set of similarity scores �SA corresponding to a random two-thirds selection of the scores in �∗SA = {ΔCS(y∗, zws) ∶ w ≠ j},
and 4) the denominator density of the SLR for the general-match approach is estimated using the set of similarity scores �GM
corresponding to a random two-thirds selection of the scores in �∗GM = {ΔCS(zws, zw′s′) ∶ w ≠ w′, w ≠ j, w′ ≠ j}. In addition,
the common source random forest was used to compute the similarity scores for the testing set as well. Thus,ΔCS(x, y)was used
to compute the comparisons scores in the testing set, and replaces the approach-specific score Δm(x, y) in Equations 2-4. ROC
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FIGURE 6 Tippett plots for the common source SLR applied to the CSAFE data by handwriting prompt where the green line
indicates the known different-writers comparisons and the black line indicates the known same-writer comparisons.

curves summarizing the performance of each specific source SLR method utilizing the pre-trained (common source) random
forest scoring method are provided in Section 4. See the Appendix for additional details of the results.

4 RESULTS

The results of applying the trained random forest to the CSAFE data showed promising discrimination for the common source
question using the similarity scores as the length of the prompt increased. As the length of the writing sample increases, the same-
writer and different-writers KDEs become more separated. However, the KDEs for the shortest prompt are not well separated.
The degree of separation between the two KDEs is directly related to the performance of an SLR. When the comparison is
known to come from different writers, a well-behaved SLR system would result in a small log-SLR value (less than 0), whereas a
comparison known to come from the same writer should result in a large log-SLR value (greater than 0). For a closer inspection
of the performance of the common source SLR system to the CSAFE data, Tippett plots were utilized (see Figure 6 ). Tippett
plots assess the performance of the SLR system as a whole by splitting the data into known same-writer and known different-
writer comparisons. Then, the empirical cumulative distribution function (ECDF) within each group of comparisons is plotted
(black for the known same-writer and green for the known different-writers comparisons). Ideally, the ECDF for the known
different-writers (green) would be to the left of the vertical line at zero and the ECDF for the known same-writer (black) would
be to the right of the vertical line at zero. This would indicate that the SLR systemmade no errors on the CSAFE dataset. We can
see that the green line is to the left of zero only for the London Letter and combined prompts, whereas none of the black lines
are completely to the right of zero. This indicates that it is more difficult for the SLR system to properly support the prosecution
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Method AUC
Common Source Short Phrase Wizard of Oz London Letter Combined

0.6447 0.7293 0.9692 0.9610
Writer 0004 Writer 0063 Writer 0145

Specific Source Trace-Anchored 0.8815 0.9658 0.9627
Pre-trained RF Source-Anchored 0.8913 0.9742 0.9536

General-Match 0.9117 0.9675 0.9635
Writer 0004 Writer 0063 Writer 0145

Specific Source Trace-Anchored 1 1 0.9980
Writer-specific RF Source-Anchored 1 1 1

General-Match 1 1 1
TABLE 1 Summary of the area under the ROC curve for all SLR methods.

hypothesis when it is true than it is to properly support the defense hypothesis when it is true. The area below the black line and
to the left of the vertical line at zero indicates the rate of SLR values that support the defense hypothesis when the prosecution
hypothesis is actually true (Type 1 error). The results in Figure 6 show the largest Type 1 error rate for the combined prompt.
Similarly, the area above the green curve and to the right of the vertical line at zero indicates the rate of SLR values that support
the prosecution hypothesis when the defense hypothesis is actually true (Type 2 error). The results in Figure 6 show the largest
Type 2 error rate for the short phrase prompt.
For the application of the common source SLR to the CSAFE dataset, as the length of the documents increase the SLR

system showed better performance, with respect to the threshold on the log-SLR at zero. However, if an SLR system is poorly
calibrated, this threshold may actually occur at a different location. The performance of the system (using the Type 1 and Type
2 errors) across a variety of thresholds is typically visualized using a receiver operating characteristic (ROC) curve. Then, the
performance of the SLR system across all possible threshold values can be quantified using the area under the ROC curve
(AUC). ROC curves should have a larger AUC (or have curves closer to the upper left corner) when the SLR system has better
performance, whereas the curve will be closer to the 45-degree diagonal line when the SLR system has poorer performance.
For this application of the common source SLR, the resulting AUC values are given in Table 1 and are better for the longer
prompts (like London letter and combined) and worse for shorter prompts (Wizard of Oz and short phrase). Therefore, we still
expect the SLR to perform better for longer prompts using different thresholds on the log-SLR than for shorter prompts. This is
not unexpected because the longer documents contain more writing which we would expect to provide more information about a
writer’s writing style and be the most representative of the proportion of graphs per cluster compared to the shorter documents.
For the specific source problem, it is necessary to train a new random forest for every fixed, specific source to obtain the

comparison scores. In an attempt to save on computational time, the pre-trained, common source random forest was used to
generate the comparison scores and then the specific source approach was used to define the SLRs. To compare the performance
of these specific source SLRs (using the common source random forest) to the common source SLRs, the ROC curves were
plotted with a solid line in Figure 7 and color corresponding to each of the three specific writers. Furthermore, the AUC was
computed and summarized in Table 1 . In every case except one (the source-anchored approach for writer 0063), the best ROC
curve for the common source SLR (AUC of 0.9629) had better performance than using the same scoring mechanism with the
specific source SLR. This behavior is likely due to the fact that there is a mismatch between the method of defining the SLR
(specific source) to the method of training the random forest (common source). Furthermore, the specific source SLRs for writer
0004 (corresponding to the solid red lines) performed less well compared to the other two writers. This behavior is expected
because this is the writer that was typical of writers in the dataset, meaning that there would be several other writers that have
similar handwriting making it harder to discriminate writer 0004 from others.
Because the specific source SLRs didn’t perform as well using the pre-trained random forest scores, the fully specific source

method using a random forest trained specifically to eachwriter was investigated next. The results in Figure 7 show that the SLRs
from the writer-specific trained random forests (dotted lines) classify between same-writer and different-writer comparisons
better than the pre-trained version (solid lines). This indicates that the best method of computing the SLR is to match the method
of training the random forest to the method of defining the SLR.
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FIGURE 7 ROC curves of SLRs from pre-trained and SLR specific random forests across writers 0004, 0063, and 0145

5 CONCLUSIONS

Because two samples of handwriting created by the same source tend to have similar writing patterns, we assume this will result
in similar proportions of graphs per cluster. To measure this similarity, we compute two different distance metrics. Theoretically,
neither the distribution of the Euclidean distance nor the absolute difference was clearly a known probability density function.
Therefore, these distance metrics were included as features in a random forest designed to classify these features as same-source
or different-sources. Among the 41 features included to create the random forest, not all have an equal importance based on
the Gini importance which is calculated as the Gini index at each node split [2]. Relative to the other variables, the Euclidean
distance had the greatest importance. Additionally, when comparing the absolute difference by cluster, some clusters appear to
be more influential across prompts, such as clusters 31 and 34 (see Figure 8 and Figure 9 in the Appendix for further details).
Cluster 34 contains many complex graphs with a greater range of variability and cluster 31 contains many simplistic graphs
with a lower range of variability. We are unsure why these clusters are useful in the training of the random forest, but it is an
interesting result worth considering for future directions of the research project.
For this process, more similar proportions of graphs per cluster will result in the smaller random forest scores. So, smaller

random forest scores would be observed among documents written by the same writer and larger random forest scores would be
observed between documents written by different writers. Then, we used kernel density estimation to model the score distribu-
tions for the known same-writer and known different-writers distributions. These score distributions are the basis for computing
the score-based likelihood ratio. Similar to results from Crawford [3], the results here show that the SLRs don’t perform as well
for short prompts containing fewer numbers of graphs in each document. One possible explanation for this poor performance is
a mismatch of the data to the number of clusters used. The data used in these analyses were classified into 40 clusters, however,
it is possible to change this number in the clustering algorithm. Future work could look into what number of clusters is optimal
based on the length and type of documents being compared and howmuch, if any, influence this has on the performance of SLRs.
This work demonstrates the common source SLRs in Park and Carriquiry [12] and specific source SLRs in Hepler [7] all

show promise applied to this collection of handwriting data. While each of the SLRs perform well, deciding which one is
appropriate depends on the question of interest and the evidence available. Common source SLRs should be applied when
there are two questioned documents, and the goal is to quantify the probability of them being from the same writer against the
probability of them being from different writers, without specifying which writer this is. This SLR incorporates all pairwise
comparisons among writing in a relevant population and therefore makes the most efficient use of the data available to the
investigator. This is different from the three specific source SLRs. The specific source SLRs should be applied when there is one
questioned document, a known suspect who wrote a control document(s), and a database of handwriting from some writers in
a relevant population. In all three specific source approaches, the goal is to quantify the probability of the questioned document
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being written by the suspect against the probability that the questioned document was written by someone else. To evaluate the
second probability, the trace-anchored SLR is based on one questioned document and does not account for potential variability
of the suspect’s handwriting. The source-anchored SLR does include variability among documents written by the suspect, but
excludes the question document itself during training. This approach will not account for information that could be present in the
questioned document itself. The general match SLR excludes all of the documents written by the suspect and does not include
the questioned document, either. Therefore, each of these methods will make less efficient use of the information available to
the investigator, but can focus on more relevant data and information depending on the approach.
Another aspect to consider is that the common source approach has a more straight-forward method of evaluating the first

probability, whereas it is much more difficult to evaluate the probability that the suspect wrote the questioned document for the
specific source. This is because the specific source approach involves the complicated process of creating pseudo-documents
when the number of available control documents written by the suspect is too few. Thus, if a suitable approach for creating
pseudo-documents does not exist in practice, the common source approach is preferred over a specific source approach. On the
other hand, if a suitable approach for generating pseudo-documents exists (or if there are a large number of control documents
from the suspect), a specific source approach with corresponding specifically-trained random forest scores is preferred because
it performs better (according to AUC). Finally, a specific source approach more directly answers the question of interest in
most forensic settings: whether the suspect wrote the document (rather than the less informative common source approach of
determining same, but unknown, source).
In conclusion, this research project demonstrates an approach that uses a machine learning algorithm to assess the simi-

larity between two handwritten documents, resulting in a low-dimensional score. This score is used in conjunction with two
distributions of scores under both the common source and specific source hypotheses. The computed SLR provides informa-
tion regarding the strength of forensic handwriting evidence when the alternative sources for the questioned document are not
completely known. Thus, our approach improves upon the previous closed-set solution of writer identification for the CSAFE
data.
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APPENDIX

This appendix contains additional figures and results, not central to the main body of the article.
Figure 8 shows the Gini importance for each of the distance measures used to train the common source random forest for

each of the 4 different training sets. The figure shows that the Euclidean distance is the most important, followed by the absolute
differences in proportions for various clusters. The figure shows that the absolute difference in proportions for clusters 31 and
34 are consistently amongst the highest rated Gini indices.
Figure 9 shows the cluster exemplar in red alongwith the cluster member graphs in gray for two clusters with high importance

for scoring the difference between documents using the random forest. Cluster 34 contains many complex graphs with a greater
range of variability and cluster 31 contains many simplistic graphs with a lower range of variability.
Figure 10 shows the estimated densities of similarity scores for the common source score-based likelihood ratios (SLRs) for

each of the 4 training sets. The figure shows that the three longest prompts (the Wizard of Oz, London Letter, and combined)
show promising discrimination between known same-writer and known different-writers comparisons. However, the separation
of the two score densities for the short phrase is not adequate for computing effective common source SLRs. We believe this is
because the number of clusters K = 40 is too large for such a short document.
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FIGURE 8 Gini variable importance in random forests by CSAFE handwriting data prompt.

FIGURE 9 Clusters 31 (left) and 34 (right) with high importance in classification via random forests

Figure 11 shows the histogram of common source SLR values for the data in the 4 different testing sets. Similar to the
conclusions from the previous figure, this figure shows that there is promising performance of the common source SLR to the
three longer prompts. However, the performance on the short phrase is poor.
Figure 12 shows the distribution of three different specific source SLRs applying the pre-trained random forest to get the

scores for three different writers playing the role of the defendant. The figure shows poor performance with lots of overlap
between the known same-writer and known different-writer values, corresponding to high rates of misleading evidence. Ideally,
we would see the red distribution completely above 0 and the blue distribution completely below 0. This is almost the case for the
trace-anchored SLR for writer 1045, which shows the best performance among all 9 specific source SLRs using the pre-trained
random forest similarity scores.
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FIGURE 10 Kernel density estimated curves for common source SLR by CSAFE handwriting data prompt.

FIGURE 11 Log score-based likelihood ratios for common source by CSAFE handwriting data prompt.
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FIGURE 12 General-match, trace-anchored, and source-anchored specific source SLRs with pre-trained random forest
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