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ABSTRACT
Objective: Although the populations of patients with functional seizures 
(FS) and epileptic seizures (ES) are extremely heterogeneous with 
multiple etiologies and phenotypes, patients with FS have increased 
somatic sensitivity and report more positive complaints on review-of-
systems questionnaires (ROSQs). We evaluated if data-driven clustering 
and projection analysis could identify symptom phenotypes that could 
differentiate between patients with FS and ES.

Methods: The dataset included all adult patients admitted from January 
2006 to March 2020 for video-electroencephalography with available 
ROSQs (N = 877). Latent clusters and axes of variation in ROSQ responses 
were evaluated using multiple well-established methods. Leave-one-
out cross-validation was used to evaluate if logistic regression using 
information could differentiate patients with FS from ES.

Results: When evaluating individual symptom response and proportion 
of positive responses, the area under the receiver operating curve (AUC) 
was 62% (95% CI, 53%–69%) and 72% (CI, 65%–78%), respectively. The 
best AUC achieved by phenotyping methods was 74%. The patterns of 
clusters and components reflected properties of each analysis and did not 
correlate with assigned “system” from the ROSQ or other interpretations.

Discussion: The overall proportion of positive responses was the most 
informative metric to differentiate patients with FS compared to ES. While 
both FS and ES are heterogeneous populations with multiple subgroups, 
these subgroups were not meaningfully identified based on ROSQ 
symptoms. The limited overall predictive accuracy and AUC suggests that, 
in absence of other supporting data, ROSQ responses in patients with FS 
and ES were not clinically useful for screening.
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Otherwise known as dissociative or psychogenic 
nonepileptic seizures, functional seizures 

(FS) are characterized by episodic separation of the 
patient from awareness or conscious control of their 
body or sensations.1–3 These paroxysmal events may 
appear similar to epileptic seizures (ES), but they are 
not caused by abnormal epileptic neural activity.4 In 
the years prior to the diagnosis of FS, 50%–90% of 
patients with FS were treated initially with antiseizure 
medications that target epileptic neural activity.4,5 
Following correction of the diagnosis from ES to 
FS, patients have improvements in quality of life 
and seizure frequency and decreases in health care 
utilization.6–8

To facilitate prompt and accurate diagnosis, we 
evaluate how review-of-systems questionnaires 
(ROSQs) can identify patients with FS. In the United 
States prior to 2021, the Centers for Medicare and 
Medicaid Services (CMS) regulations for billing 
documentation required broad ROS questions or 
questionnaires that systematically survey a patient’s 
current symptoms as part of medical evaluations in 
many specialties including primary care, neurology, 
and psychiatry. Prior studies have shown that 
patients with FS report more symptoms on these 
questionnaires.9–11 Potential explanations for this 
are that patients with FS may experience symptoms 
from common comorbidities, nonseizure functional 
symptoms, or increased somatic sensitivity that 
appears on ROSQs.4,9,12–16

The population of patients with FS is heterogenous. 
While a majority of patients have mental health 
comorbidities or history of psychological trauma, 
some patients with functional neurologic disorders 
do not.17,18 Because the function of ROSQs is to 
broadly evaluate symptoms across multiple organ 
systems, we hypothesized that data-driven methods 
could identify meaningful symptom phenotypes 
or subgroups such as chronic pain, depression, or 
trauma. To validate if the symptom phenotypes 
proposed by these data-driven methods were 
meaningful, we evaluated if this information could 
be used to differentiate patients with FS from those 
with ES.
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Clinical Points
■■ Clustering and projection methods did not identify patterns 

of responses that had reliable interpretations.
■■ Clustering and projection methods did not improve the 

differentiation of functional seizures from epileptic seizures.
■■ The raw sum of positive review-of-systems responses 

performed better than any clustering or projection method.

Table 1. Demographics of Patients Included in the 
Phenotyping Analysis

Age, y Female Sex
Diagnosis Median IQR Mean 95% CI N
FS 39 28–50 75 65–84 92
ES 34 26–49 51 44–58 316
Mixed 32 26–36 78 55–95 26
PSLE 39 26–51 60 33–87 17
Inconclusive 41 31–57 68 59–73 114
Abbreviations: ES = epileptic seizures, FS = functional seizures, 

IQR = interquartile range, PSLE = physiologic seizure-like events.

Figure 1. Mean Percent Positive Symptoms in Each 
Diagnostic Classa

aError bars reflect standard error.
Abbreviations: ES = epileptic seizures, FS = functional seizures, 

PSLE = physiologic seizure-like events, ROS = review of systems.

0 5 10 15 20 25 30
Positive ROS Responses, %
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METHODS

This study was a single site, retrospective analysis of both 
clinically available and systematically collected ROSQ data 
from patients admitted for video-electroencephalographic 
(vEEG) monitoring between January 2006 and March 
2020. We assessed the utility of clustering and projectional 
methods to identify meaningful subpopulations and patterns 
of responses. We evaluated if these data-driven analyses 
identified different patterns in patients with FS, ES, and other 
mutually exclusive groups including mixed nonepileptic 
and epileptic seizures, physiologic nonepileptic seizure-like 
episodes (PSLE), and inconclusive monitoring. All patients 
consented for the use of their records in research, and the 
UCLA Institutional Review Board approved this study. This 
work is consistent with Declaration of Helsinki. Deidentified 
raw data and code for this study is available at https://
seizuredisordercenterresearchgroup.org/.

All patients underwent vEEG monitoring at a level 4 
comprehensive epilepsy center. Diagnosis of functional 
seizure as compared to epileptic seizure met the International 
League Against Epilepsy criteria for “documented”12 and was 
from expert clinical opinion based on the available clinical 
history, physical examination, ictal vEEG, and structural 
magnetic resonance imaging. We keep patients with mixed 
FS plus ES separate from patients with FS because, while 
both have FS, there is insufficient evidence to suggest that 
the mechanism and risk factors for FS are the same in these 
populations.19 Inconclusive vEEG monitoring occurred when 
patients did not experience sufficient characteristic events 
during monitoring to yield a definitive diagnosis. Patients 
were excluded from analysis if no ROSQ was available. There 
were no other exclusion criteria.

At our institution, the typical practice for vEEG 
monitoring was elective, but sometimes emergent, admission 
for long-term vEEG monitoring for 7 to 10 days, or until 
sufficient seizures were captured to address the reason for 
vEEG monitoring including differential diagnosis of seizure-
like events, presurgical evaluation of medication-resistant 
epilepsy, or other indications. Diagnoses were determined 
by expert clinical opinion of clinical neurophysiology 
or epilepsy fellows and supervising epileptologists, with 
additional review of patients admitted for presurgical 
evaluation by a multidisciplinary team including multiple 
epileptologists, functional neurosurgeons, neuroradiologists, 
neuropsychologists, and others. If patients underwent 
multiple vEEG monitoring admissions (eg, for inconclusive 

initial monitoring), only the first ROSQ was used for analysis, 
but the diagnosis was determined based on all available data 
from all vEEG monitoring admissions.

All patients or their caregivers filled out a standardized 
78-item ROSQ (Supplemental Figure 1). This included spaces 
to indicate if patients had symptoms from any of the 14 organ 
systems defined by CMS. There were 2 minor variations of 
the standard form: 1 form omitted 3 items (75 total items) 
and the other omitted the same 3 items while splitting 1 item 
into 2 separate items (76 total items). These variations were 
included in the total percent of symptoms noted analysis. To 
avoid missing data, these alternate forms were excluded from 
clustering analysis. Patients or caregivers signed each form to 
differentiate blank forms from missing data and indicate who 
filled out the form, as well as their relationship to the patient. 
When multiple forms were available, only the first was used. 
Patients with no available forms were excluded.

ROSQs were available through retrospective chart review 
for records between January 2006 and April 2015, whereas 
they were offered prospectively from May 2015 to March 2020. 
In the retrospective patient group, patients or their caregivers 
filled out ROSQs in the outpatient neurology waiting room 
prior to their appointment or at home as part of the admission 
packet sent to them prior to vEEG admission. Alternatively, 
if the patient had not filled out their ROSQ prior to vEEG, 
they were given another form during admission, and the 
form was collected by nursing staff. ROSQs from patients 
admitted after April 2015 were collected in person within 48 
hours of vEEG admission by study staff. If the patient had not 
filled out the form, the patient was provided another form, 
and the staff returned later to collect the form. The goal of 
prospective data collection was to reduce the potential for 
selection bias from missing data.

https://seizuredisordercenterresearchgroup.org/
https://seizuredisordercenterresearchgroup.org/
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Figure 2. Depiction of the Spread of the Full Data Using t-SNEa

aEach dot represents 1 patient and is partially transparent.
Abbreviations: ES = epileptic seizures, FS = functional seizures, PSLE = physiologic seizure-like events, 

t-SNE = t-distributed stochastic neighbor embedding.

Mixed
FS
PSLE
Inconclusive
ES

We analyzed the ROSQ responses using multiple clustering 
and projection methods to identify symptom phenotypes or 
dimensions of variation within this patient population. Due 
to the unsupervised nature of clustering, we included all 
patients irrespective of diagnosis or certainty of diagnosis to 
provide algorithms with the maximum sample size to find 
patterns. We then evaluated if this data-driven representation 
was meaningful by assessing if fully supervised learning can 
be utilized to differentiate patients with FS from ES.

Each of the multiple clustering and projectional methods 
represent a different perspective on how to understand the 
underlying patterns in the data and how to quantify differences 
between individual patient data. We used k-medoids, latent 
class analysis, density-based spatial clustering of applications 
with noise, principal component analysis, and independent 
component analysis. We graphically depict our data using 
t-distributed Stochastic Neighbor Embedding (t-SNE)20 but 
did not evaluate its utility formally due to its similarity to 
other nearest-neighbors techniques. While this does not 
include all available clustering methods, it represents a 
selection of common algorithms with varying perspectives 
on how to understand the data. We briefly describe each 
algorithm to highlight these differences in perspectives in 
the Supplementary Methods.

The differentiation between patients with FS and those 
with ES was determined by fitting a logistic regression (LR) 
model using cluster identity or loading on components as 
independent variables to predict diagnosis of FS or ES. Due 
to the relatively small number of clusters and the Gaussian 
nature of many projectional techniques, we felt that LR was 
appropriate and that more complex supervised algorithms 

(eg, neural networks) would recreate or complicate phenotype 
interpretation.

We compared these models to the performance of 
nonphenotypic LR models based on (1) the response to each 
individual symptom, (2) recursive feature elimination (RFE) 
applied to the individual symptom model, and (3) a single 
independent variable of the percent of symptoms marked 
as positive. In RFE, we start with the full LR model, then 
sequentially exclude any symptoms with Wald P < 5% until all 
symptoms have P < 5%.21 Each LR model was trained using 
leave-one-out cross-validation wherein clustering and RFE 
were performed on the training set alone.22 The confidence 
intervals of all performance statistics are calculated with 
binomial exact confidence intervals except area under the 
receiver operating curve (AUC) that used the Wald interval 
method.23

Only data from patients with FS or ES alone were used to 
train each LR model, whereas data from mixed, PSLE, and 
inconclusive monitoring also were used to define clusters and 
projectional representations. For graphical depiction of the 
models and interpretation of the cluster assignments, we used 
all data. Therefore, individual leave-one-out cross-validation 
models would vary slightly from these depicted models.

RESULTS

Patient age ranged from 18 to 88 years old, and 60% 
reported female sex. The demographic differences in this 
dataset are similar to prior publications including this dataset 
(Table 1).24–26 In total, 565 long-form ROSQs were available, 
of which 408 had FS or ES (92 and 316, respectively). 
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Long-form ROSQs were available for 26, 17, and 114 patients 
with mixed, PSLE, and inconclusive monitoring, respectively. 
The trend of diagnostic class with respect to percent positive 
symptoms is illustrated in Figure 1.

ROSQs were available for 877 (54%) patients who 
underwent vEEG monitoring during this 14-year time 
period, of which 684 ROSQs were from patients with ES 
or FS (519 and 165, respectively). Of these 684 ROSQs, we 
excluded 312 short-form ROSQs. The person completing 
the form was indicated in 772 of 877 (88%) forms. Someone 
other than the patient filled out 163 (21%) of these forms. 
This person was a first-degree relative or significant other for 
146 (90%) of the forms. There were no significant patterns 
in the total number of symptoms, the rate of reporting an 

individual symptom, or clusters within any of the clustering 
results based on person who completed the form (self, 
caregiver, first-degree relative, unknown) or setting where 
the form was completed (retrospective clinic, retrospective 
inpatient, prospective).

Figure 2 illustrates the pattern of the ROSQ responses 
when assessed by t-SNE. We illustrate the 3 principal 
components and 1 latent cluster that was significantly 
different between FS and ES when considering the first 
6 principal components or 6 latent clusters in Figure 3. 
Higher loading on each displayed principal components was 
associated with FS (log odds: −0.61, −0.56, and −0.76 with 
P < .0001, 0.03, and 0.004, respectively). Membership in this 
latent class was associated with ES (log odds: 1.67, P = .0007).

The best leave-one-out performance of each approach 
is illustrated in Figure 4, and exact values are listed in 
Supplementary Table 1. The AUC of the total symptoms, 
principal component analysis, and latent class analysis was 
significantly higher than the AUC of the individual symptom 
and RFE models (bootstrap with 50,000 permutations, 
P < .01). No other pairwise comparisons of AUC were 
significantly different (P > .1). The maximum performance 
for principal component analysis and latent class analysis 
was achieved with 19 components and 27 clusters. Both 
methods had a local maximum at 6 components/clusters 
with an AUC less than 1% worse than the global maximum 
(Supplementary Figure 2).

DISCUSSION

These data-driven analyses of ROSQs revealed no 
clinically useful subpopulations or patterns of responses 
that could identify patients with FS compared to patients 
with ES.11 While the average patient with FS reported 
more positive ROSQ symptoms than patients with ES, the 
variability was too large to be diagnostic clinically.9–11

The difference of averages may reflect the substantial 
perceived impact of seizures and other comorbid diseases 
on quality of life in patients with FS.27–30 This nonspecific 
increase in ROSQ symptoms confirmed the common clinical 
observation that some patients with FS have “pan-positive” 
ROS responses and that as more symptoms are noted, the 
likelihood of FS increases.9–11 However, our total symptom 
model suggested that the threshold of reporting more than 
28 of 78 symptoms (35% positive) maximized the accuracy 
in differentiating patients with FS compared to ES, but the 
specificity was 17%, and the predictive value for FS was 64%. 
Therefore, a pan-positive ROS occurs uncommonly in FS, 
and a substantial number of patients with ES also report 
many ROS symptoms. The difference between our predictive 
results and prior evaluations of ROSQs with artificially equal 
numbers of patients with FS and ES also highlights the 
difference between population-level descriptive statistics and 
the influence of pre-test probability on applying statistical 
results to individual patients.

There are several reasons why these data-driven 
approaches to identify symptom phenotypes from ROSQ 

Figure 3. Loading of 3 Principal Components (PCs) and 1 
Latent Class (LC)a

aHigher loading on each displayed PC was associated with FS (log odds: 
−0.61, −0.56, and −0.76 with P < .0001, .03, and .004, respectively). 
Membership in this LC was associated with ES (log odds: 1.67, P = .0007). 
Other PCs and LCs did not have significant association with either FS or ES 
when the total number of PCs or LCs was 6.

Abbreviations: FS = functional seizures, ES = epileptic seizures. 

0.4

0.3

0.2

0.1

0

–0.1

–0.2

–0.3

Po
si

tiv
e 

A
ss

oc
ia

tio
ns

 W
ith

 F
S

N
eg

at
iv

e 
A

ss
oc

ia
tio

ns
 W

ith
 F

S



Yo
u 

ar
e 

pr
oh

ib
it

ed
 fr

om
 m

ak
in

g 
th

is
 P

D
F 

pu
bl

ic
ly

 a
va

ila
bl

e.

For reprints or permissions, contact permissions@psychiatrist.com. ♦ © 2022 Copyright Physicians Postgraduate Press, Inc.

It is illegal to post this copyrighted PDF on any website.

    e5Prim Care Companion CNS Disord 2022;24(2):21m03049

Phenotypes to Differentiate Functional Seizures and Epilepsy

Figure 4. Summary Statistics for Best Leave-One-Out Cross-Validation 
Performance for Each Methoda

aError bars are binomial exact 95% CIs.
Abbreviations: AUC = area under the receiver operating curve, DBSCAN = density-based 

spatial clustering of applications with noise, ES = epileptic seizures, FS = functional 
seizures, ICA = independent component analysis, LCA = latent class analysis, LR = logistic 
regression, PCA = principal component analysis, PV = predictive value, RFE = recursive 
feature elimination.  
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responses did not seem to identify meaningful symptom 
phenotypes within ES and FS. The goal of these unsupervised 
approaches is to maximize the amount of variation explained. 
As suggested by 3 of the 6 top principal components not being 
associated with FS or ES and the relatively admixed cloud in 
Figure 1, there likely are factors not related to their diagnosis 
that contribute to patients’ ROS symptoms. Therefore, 
despite prior results suggesting the ROSQs could screen for 
functional seizures, as CMS documentation requirements 
in 2021 no longer require ROSQs for outpatient encounters, 
we believe that patient and provider time could be redirected 
toward evaluations designed more specifically for seizures.

Prior to diagnosis of FS, many patients receive antiseizure 
medications, which have adverse effects.31 However, there 
was no significant correlation between any component 
or phenotype and the number of current antiseizure 
medications (data not shown). Similarly, there were no 
significant correlations between any principal component in 
the best model and patient age, sex, or ictal behavior (data not 
shown). In addition to these confounding factors, the social, 
physical, and emotional impacts of frequent, unpredictable 
seizures can be similar between patients with FS and ES 
including impacts on driving, employment, physical injury 
and resulting pain, and depression.28,32,33

In support of a focused approach instead of the general 
approach of ROSQs, McKenzie and colleagues27 found that 
medically unexplained symptoms did not independently 
contribute to long-term unemployment, suggesting that 
measuring other factors like psychiatric comorbidities 
may better describe the impact of FS on patients’ lives. 
The Epilepsy Quality Measurement Set assesses many of 

these factors by asking about seizure severity, medication 
side effects, depression, anxiety, and quality of life in 
epilepsy.34 While the Epilepsy Quality Measurement Set 
focuses on the impact of seizures, the Functional Seizures 
Likelihood Score,25 Paroxysmal Event Observer,35 and 
Anxiety, Abuse and Somatization Questionnaire36 were 
designed to differentiate between patients with FS and 
ES. Therefore, as CMS documentation no longer requires 
ROSQs in 2021 (the time of this writing), and based on the 
results of the current analysis, we favor these assessments 
that are more relevant to the diagnosis and management 
of seizure and, conveniently, include fewer questions. The 
difference between these seizure-specific measures and 
the ROSQs reflects the goal of ROSQs to generalize well 
across all medical and mental health conditions, and thus 
it is not specifically designed to evaluate common problems 
associated with seizures.

To maximize the initial sample size, we included patients 
with FS, ES, mixed ES plus FS, PSLE, and inconclusive 
monitoring. While this strategy improved statistical power in 
the clustering and projection step through semi-supervised 
learning, there may be unique patterns in patients with 
mixed ES plus FS or those with PSLE. This approach may 
have slightly reduced the power of our logistic regression 
through the “curse of dimensionality” by including a 
component or cluster that was noninformative for the 
differentiation of FS and ES.37 The small reduction in AUC 
of each algorithm as the number of clusters or components 
increased suggests that the logistic regression models were 
not limited by modeling too many variables (Supplementary 
Figure 2). When screening for FS, one must also consider 
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the differential of mixed ES plus FS and PSLE; therefore, we 
favor inclusion of these patients despite limited sample size.

Due to our focus on patient screening, we analyzed the 
first available ROSQ. The low response of 54% reflects clinical 
practice wherein some providers prefer to perform ROSQ 
manually, reviewed but did not scan the standard ROSQ, or 
chose another method. We did not include manually entered 
ROSQ information due to substantial evidence that this 
may not coincide with observed behavior.38 The variety of 
settings (outpatient vs inpatient) and sources of information 
(patient vs caregiver) also may contribute different patterns 
to the responses. This complexity, however, resembles the 
complexity of analyzing questionnaires as part of routine 
clinical practice.

An important limitation in our approach is that each piece 
of clinical information should be viewed within the context 
of an individual patient. We did not evaluate here how ROSQ 

responses could interact with patient history, reported ictal 
behavior, neurodiagnostic testing, and videos of seizures, 
all of which substantially contribute to the certainty of the 
diagnosis of FS. When considering an equivocal evaluation 
or complex patient, a pan-positive ROSQ may prompt an 
appropriate referral to vEEG monitoring.

CONCLUSION

On a population level, patients with FS report more 
symptoms on ROSQs than patients with ES, but both 
populations are extremely heterogeneous. Data-driven 
symptom phenotype discovery methods applied to ROSQ 
did not meaningfully identify or quantify this heterogeneity. 
The most informative feature of ROSQs to differentiate FS 
from ES was the total number of symptoms, but this had 
extremely poor specificity.
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Supplementary Figure 2. Methods 

In KM, the number of clusters, k, is pre‐selected and the algorithm is initiated by k‐data 

points from n‐patients being randomly selected as initial medoids [1]. The percent of responses 

that differs from that medoid  is called the Hamming distance [2]. The other (n‐k) patients are 

assigned to each medoid based on the minimum Hamming distance. With these assignments, a 

new set of k‐medoids are set based on the median response within each cluster. K‐medoids is 

preferred over k‐means for categorical data. The algorithm of assignment to clusters is repeated 

iteratively until convergence. We evaluated KM for pre‐defined k ranging from 2 to 70. The upper 

limit of 70 was chosen to facilitate statistical identifiability of representing 78 ROS symptoms into 

a slightly smaller number of clusters. Validation data was assigned to the closest medoid using a 

Hamming distance. 

In LCA, the number of latent classes, k, also is pre‐selected and the algorithm is initiated 

by data points being randomly assigned to k‐clusters [3]. Cluster membership was determined 

based on a sequential expectation‐maximization (EM) algorithm. In the expectation (E)‐step, the 

expected cluster sizes and assignments are calculated conditional on the definitions of how each 

symptom probabilistically contributes to the likelihood that each patient lies within each cluster. 

In the maximization (M)‐step, those definitions are modified to maximize the  likelihood of the 

expected  cluster  assignments  determined  in  the  E‐step.  The  E  and  M  steps  are  applied  

sequentially until convergence in the MDLV toolbox [4]. Within this convergence method, cluster 

membership  is  probabilistic,  whereas  after  convergence,  patients  were  assigned  greedily  the  

cluster  with  highest  probability  of  membership.  We  varied  k  from  2  to  70,  similar  to  KM. 

Validation data was assigned to the cluster with the highest membership probability. 
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Supplementary Table 1. Exact performance of each method evaluated using leave‐one‐out 
cross‐validation. Confidence intervals estimated with binomial exact statistics or, for the area 
under the receiver operating curve (AUC), the Wald method. Abbreviations: Logistic regression 
based on individual symptoms (LR), LR with recursive feature elimination (LR‐RFE), k‐medoids 
(KM), principal component analysis (PCA), independent component analysis (ICA), latent class 
analysis (LCA), density‐based spatial clustering of applications with noise (DBSCAN), estimate 
(Est), confidence interval (CI), predictive value (PV). 
 

 Accuracy  Sensitivity  Specificity  ES‐PV  DS‐PV  AUC 

Method  Est (%)  95% CI  Est (%)  95% CI  Est (%)  95% CI  Est (%)  95% CI  Est (%)  95% CI  Est (%)  95% CI 

LR  76  72‐81  88  84‐92  35  25‐45  82  78‐87  46  34‐58  62  53‐69 

LR‐RFE  75  71‐80  91  87‐94  24  15‐33  80  76‐85  42  28‐56  64  55‐72 

Total  79  75‐84  97  95‐99  17  9‐25  80  75‐85  64  44‐84  72  65‐78 

KM  78  74‐83  97  95‐100  13  6‐21  79  75‐84  60  40‐80  69  61‐76 

PCA  79  74‐83  85  81‐90  55  45‐66  87  82‐91  53  42‐63  74  66‐80 

ICA  47  41‐52  35  30‐41  87  79‐94  90  84‐96  28  22‐34  67  60‐74 

LCA  80  76‐85  96  93‐98  28  19‐39  82  77‐86  65  50‐80  72  65‐79 

DBSCAN  77  67‐87  100  100‐100  0  0‐0  77  73‐82  ‐  ‐  69  61‐76 
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In  DBSCAN,  we  eschew  the  concept  of  pre‐defining  the  number  of  clusters  and 

summarizing a cluster by a central point or pattern of responses [5]. Instead, we pre‐define an 

epsilon, , and a minimum number of points, m, needed to define a cluster. We randomly select 

data points and assign any data points within a Hamming distance of  to the same cluster. We 

extend the definition of that cluster by iteratively extending the cluster to include all data points 

within  of the points within the presumptive cluster. This iterative process stops when there are 

no more points within  of the points within the presumptive cluster and the cluster is maintained 

if  it  includes at  least m points.  If  the cluster  is  too small,  the data points are assigned  to  the 

“outlier” cluster. This process of cluster determination is repeated for each data point. We vary 

 from the minimum non‐zero to maximum observed Hamming distance in the dataset. We vary 

m from 2 to the entire size of the entire dataset, minus one point. If validation data was within  

of data within a cluster, then it was assigned to that cluster but otherwise it was considered an 

“outlier.” 

In PCA and ICA, the hypothesis is that the 78 ROS symptoms can be summarized using a 

lower number of components based on patterns in similar responses across multiple 

symptoms. Components are interpreted as combinations of similar symptoms that may be 

more interpretable than individual symptoms (e.g. a pain component including 

musculoskeletal, joint, and head pain). In PCA, the first component is determined based on the 

single vector that maximizes the variance of the data when projected onto that vector [6]. Each 

subsequent component is determined based on the vector perpendicular to all prior 

components that maximizes the remaining variance of the projected data. In ICA, the 

components are initialized with the PCA components [7]. These components are modified 
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iteratively by the FAST ICA algorithm to maximize the statistical independence of components 

[7], as compared to the requirement of being perpendicular. This tends to lead to a sparse 

representation of the data. Validation data was projected onto these learned components and 

did not contribute to the determination of components. 
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