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Abstract

Background

Exposure to beryllium may lead to granuloma formation and fibrosis in those who develop
chronic beryllium disease (CBD). Although disease presentation varies from mild to severe,
little is known about CBD phenotypes. This study characterized CBD disease phenotypes
using longitudinal measures of lung function.

Methods

Using a case-only study of 207 CBD subjects, subject-specific trajectories over time were
estimated from longitudinal pulmonary function and exercise-tolerance tests. To estimate
linear combinations of the 30-year values that define underlying patterns of lung function,
we conducted factor analysis. Cluster analysis was then performed on all the predicted lung
function values at 30 years. These estimates were used to identify underlying features and
subgroups of CBD.

Results

Two factors, or composite measures, explained nearly 70% of the co-variation among the
tests; one factor represented pulmonary function in addition to oxygen consumption and
workload during exercise, while the second factor represented exercise tests related to gas
exchange. Factors were associated with granulomas on biopsy, exposure, steroid use and
lung inflammation. Three clusters of patients (n = 53, n =59 and, n = 95) were identified
based on the collection of test values. Lower levels of each of the factor composite scores
and cluster membership were associated with baseline characteristics of patients.

Conclusions

Using factor analysis and cluster analysis, we identified disease phenotypes that were asso-
ciated with baseline patient characteristics, suggesting that CBD is a heterogeneous disease
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with varying severity. These clinical tools may be used in future basic and clinical studies to
help define the mechanisms and risk factors for disease severity.

Introduction

Chronic beryllium disease (CBD) is caused by inhalation of beryllium particulate that initiates
an immune response in the lung. While many studies have examined beryllium’s ability to initi-
ate an immune response and cause granuloma formation [1-12], there are many questions
remaining regarding CBD clinical manifestations. Currently, there is a lack of understanding of
the determinants of disease progression and a corresponding lack of consensus regarding useful
definitions of severity. Although there have been several genetic polymorphisms and genes
whose expression have been associated with phenotypes consistent with more severe disease
[9-14], there have been no studies to date that have attempted to comprehensively characterize
or define the phenotypes of CBD. Such characterization has the potential to allow development
of individualized strategies of follow-up and care based on disease course and may enable more
thorough examination of risk factors for the different phenotypes of this disease.

In existing studies of CBD disease progression, pulmonary function tests (PFT) and exercise
testing results were used as surrogate indicators of disease severity.[13, 15-17] Because CBD
patients are usually seen at least biennially after diagnosis, physicians can follow disease pro-
gression over time to make decisions regarding treatment. The PFT and exercise testing
obtained are multidimensional: measurements are taken over time, with each one of these
tests consisting of multiple measures. Our current understanding of CBD suggests that
patients may demonstrate different phenotypes over time, with some developing severe airflow
limitation and others severe reduction in gas exchange,[17, 18] but no existing studies have
used the full complement of multiple longitudinal measures to examine these phenotypes.
Objective criteria for characterizing disease phenotypes would allow for consistency in disease
assessment and characterization for clinicians and for researchers. The purpose of this study
was to characterize longitudinal disease phenotypes in CBD using data reduction techniques
to simultaneously consider all the multi-dimensional data available over time and across mea-
sures. Our working hypothesis was that by using longitudinal pulmonary and exercise test
data, we could define different phenotypes in CBD and begin to have definitions of disease
severity that could be evaluated over time.

Methods
Overview of approach

Longitudinal lung function data were used to obtain estimates of the progression of disease for
each study subject. These estimates were used in factor and cluster analysis, in an attempt to
identify new phenotypic measures (factors) or classifications (cluster) of CBD disease. We
examined the consistency among the results of each approach by evaluating associations
between the few known predictors of severity available and the newly-developed factors and
clusters.

Overview of study population, design, and case definition

This was a case-only study. Subjects were patients seen at National Jewish Health (NJH), all of
whom provided informed consent according to a protocol reviewed by the Human Subjects
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Institutional Review Board at NJH (HS2374). A case of CBD had evidence of beryllium sensiti-
zation based on two or more positive blood lymphocyte proliferation test (BeLPT) results as
well as one of the following: 1) granulomas on a lung biopsy, 2) a positive bronchoalveolar
lavage (BAL) lymphocyte proliferation test and BAL lymphocytes percentages greater than
15%, or 3) chest radiography indicating an abnormal profusion score consistent with CBD.
For analysis purposes, diagnosis type was dichotomized, with groups 2) and 3) combined due
to small numbers of each type. We included all CBD cases seen at NJH who consented for
research and who had at least 3 visits to allow estimation of linear slopes (trajectories) over
time.

SSP-PCR determination of the HLA-DPB1 alleles

Genomic DNA was prepared from peripheral blood cells. HLA-DPBI1 genotyping was per-
formed with blinding to the subject’s disease status using single specific primer polymerase
chain reaction (SSP-PCR) methodology developed by Welsh and Bunce. Based on alleles, a
subject was classified as Glu69 positive or negative.

Outcome definitions

Clinical evaluations were completed on initial assessment as well as during follow-up over
time at NJH. These evaluations included pulmonary function and exercise physiology testing,
as well as chest radiography. We included the following measures: forced expiratory volume in
one second (FEV1), forced vital capacity (FVC), diffusion capacity(DLCO), total lung capacity
(TLC), partial pressure of oxygen at rest (PaO,r) and maximal exercise (PaO,m), Arterial-alve-
olar gradient for oxygen at rest ((A-a)O,rest) and at maximal exercise((A-a)O,max), oxygen
consumption at maximal exercise (VO,m), and maximum workload(WLM). Descriptions of
procedures for these tests have been previously published.[17, 18] Per clinical practice, after
having two positive BeLPTs, patients normally are evaluated on an annual or biennial basis as
part of a surveillance program prior to diagnosis, and on an annual basis after a CBD diagno-
sis. All CBD subjects’ data available prior to and after diagnosis were included in this study.

Patient data

Information from medical records, such as steroid use and general demographic information,
was extracted along with all longitudinal results from clinical evaluations. Steroid use was
coded as “Ever” if the subject had ever been prescribed steroids for CBD and “Never” if they
had not. Subjects’ most recent chest x-ray images were used in this analysis and were coded
“Abnormal” if the subject’s International Labor Organization (ILO) classification of chest
radiograph’s profusion score was 0/1 or higher and “Normal” otherwise. For BAL lymphocyte
percentage, we compared the lymphocytes from the subjects’ first visit and last visit in order to
assess whether subjects” BAL lymphocyte percentages at different time points were associated
in any way with our disease severity measures.

Statistical analysis

Population characteristics were summarized using means and standard deviations for continu-
ous variables; counts and frequencies were used to summarize categorical variables. To capture
longitudinal information on disease course, we estimated longitudinal trajectories of several
clinically-relevant lung-function variables using linear mixed-effects models [19]. Patient-spe-
cific slopes (trajectories over time) and intercepts (starting values at first beryllium exposure)
were estimated via random intercept and slope terms. The time variable was defined as the
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interval from first beryllium exposure to most recent visit date. Covariates for age at testing
(time-varying), sex, and race were also included in the model. Time-specific predicted values
for each subject were calculated for each lung-function variable using the fitted estimates from
the model for that variable; the primary time point of interest was 30 years since first exposure
since it captures both the patient starting point (intercept) and trajectory (slope) estimates.
The longitudinal models were fit using SAS 9.2.[20]

To attempt to identify distinct groups of patients, or phenotypes, demonstrating a similar
pattern of lung function at 30 years after exposure within each group, cluster analysis was
performed on all the predicted lung function values at 30 years. We used the “kError”
method, which accounts for the fact that these 30-year time points are not observed, but
rather, predicted values.[21] To estimate quantitative summary measures of the lung func-
tion values, linear combinations of the 30-year values that define underlying patterns of lung
function were calculated based on a factor analysis. In contrast to a cluster analysis, which
assigns each individual to one cluster, factor analysis produces a quantitative estimate for
each factor for each person. Factor analysis reduces a set of variables to a smaller set of fac-
tors in an attempt to better represent the data for more effective reasoning, relevant insights,
or better visualization. Conceptually, each person is placed on a continuum for each of the
factors rather than forcing assignment to a particular group. After the initial extraction of
factors using the “factanal”function (https://www.rdocumentation.org/packages/FAiR/
versions/0.4-15/topics/Factanal R version 3.1.1); which uses maximum likelihood estima-
tion) in R, a varimax rotation was chosen to simplify interpretation by creating orthogonal
(independent) factors.

Examination of the impact of using predicted values (i.e. estimated rather than known) on
identification of factors was evaluated through simulation since there is no analogous method
to directly account for the uncertainty as is available in the kError method for cluster analysis.
We simulated 25 replicates of multivariate normal data using the means, standard errors and
correlation structure observed in our data among the 30-year predicted values to determine
the consistency of the factors identified across data sets of similar structure. We similarly simu-
lated 25 replicates generated with random covariance matrices (i.e. ignoring the observed
correlation structure among lung function variables) but retaining the observed means and
standard errors. We conducted the factor analysis for each replicate.

We tested for association between cluster group membership or factor composite scores
with demographic, clinical and exposure characteristics measured at baseline using chi-
squared tests for cluster membership and ANOVA for factor composite scores.

Finally, to compare the results of the factor analysis and cluster analysis to associations we
would observe by testing each lung function or exercise test separately, we constructed models
to test whether steroid use was associated with the longitudinal trajectory of each lung function
variable and whether steroid use was significantly associated with both Factor composite score
and Cluster membership. We similarly tested for an association between each longitudinal tra-
jectory and having a job as a beryllium machinist (a surrogate measure for higher exposure).
These models were the same as described above, with the addition of the specific explanatory
variable.

Results
Two factors associated with lung function measures

Table 1 displays the characteristics of the 207 participants; we observed an average of 8 follow-
up visits for each patient (mean of 8.6, standard deviation 5.6). Two factors, or underlying
combinations of variables that captured covariation among all the 30-year lung function
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Table 1. CBD patient population demographics and clinical results (N = 207).

Characteristic Number (%)
Male n (%) 162 (78.3%)
Caucasian n (%) 166 (80.2%)
Smoking Status—Ever Smoker n (%) 100 (48.3%)
Mean (SD)
Age at diagnosis 53.6 (10.6)
Diagnosis Number (%)
By granulomas on biopsy n (%) 164 (79.2%)
By positive BAL LPT/>15% lymphocytes n (%) 38 (18.4%)
By radiography n (%) 5(2.4%)
PFT and Exercise Outcomes at Baseline Mean (SD)
FEV1% predicted 90.4 (17.7)
FVC % predicted 88.1(15.4)
TLC % predicted 103.1 (14.8)
DLCO % predicted 92.7 (21.5)
PaO2r (mmHg) 70.6 (8.9)
PaO2m (mmHg) 75.4 (10.9)
(A-a)O2 rest (mm Hg) 11.1(7.3)
(A-a)O2 max (mmHg) 17.9 (13.4)
WLM—Maximum work Load Achieved (watts) 164.9 (50.0)
VO, m (Liters/minute) 1.9 (0.53)
Exposure and Visit Characteristics Mean (SD)
Time from first exposure to diagnosis 22.8(10.9)
Average exposure years* 15.2(10.3)
Average number of visits 7.3(5.6)

*If exposure end date unknown, estimated as date of diagnosis

https://doi.org/10.1371/journal.pone.0188119.t001

and exercise test variables, were identified in the factor analysis [22, 23] of the standardized
individual estimates of each lung function and exercise test measure at 30 years from first
exposure; 39% of the covariation in the data was explained by Factor 1, while 29% of the
covarijation in the data was explained by Factor 2 (Table 2). The factor loads, or coefficients for
each lung function or exercise test variable, provide information on the relative importance
and directions of effect for each measure that contributed to the factor. The factor composite
score for each individual was the linear combination of the 30-year estimates using the factor
loads; a lower value for the factor reflected more severe disease. The composite score for Factor
1 predominately reflected PFT measures as the coefficients are largest for those measures, and
is related to airflow and lung volumes and their correlation with exercise, including both
VO,m and WLM. The composite score for Factor 2 consisted of exercise test measures that
reflect gas exchange. Of note is the stronger relationship of VO,m and WLM with the PFT
measures than with the other exercise variables. These results were highly consistent in terms
of the number of Factors, the variables contributing to them and the average coefficients

for each variable in the data simulated to have the same structure as our data. In contrast, in
replicate data sets that ignored the observed correlation structure among lung function vari-
ables, there were no factor structures that were the same as those observed in our data. These
results indicate that the Factor analysis findings are reproducible and driven by the correlation
between the lung function variables.
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Table 2. Factors and loadings for standardized outcome estimates at 30 years.

Measure Factor 1 Coefficient * PFT, Factor 2 Coefficient *
VO,max +WLM Exercise Test

FEV1 0.872 -
FvVC 0.980 -
TLC 0.772 -
DLCO 0.640 -
PaO,r -* 0.687
PaO, m - 0.885
(A-a)Oorest - 0.696
(A-a)O,max - 0.892
VO, m 0.621
WLM 0.632
% co-variation explained by factor 0.39 0.28

across all measures

*Coefficients less than 0.50 were excluded to focus factor development; indicated by “-"on strongest
distinguishing variables.

https://doi.org/10.1371/journal.pone.0188119.t002

Factors associated with granulomas on biopsy, exposure, steroid use
and lung inflammation

We next examined associations between the Factors for each person and demographic, clinical
and genetic features (Table 3) measured at baseline. Patients diagnosed with granulomas on
biopsy had lower Factor 2 (exercise test) composite scores on average (p = 0.001), indicating
poorer exercise gas exchange, compared to those diagnosed by lavage or radiography. Higher
exposure to beryllium was also associated with lower Factor 2 (exercise test) composite scores
on average (p = 0.003). Both Factor 1 (PFT, VO,m + WLM) and Factor 2 (exercise test) com-
posite scores were lower on average (p = 0.0001 Factor 1, p<0.0001 Factor 2) for patients who
had ever been treated with steroids compared to those who had never been treated. Similarly,
patients who had abnormal chest x-rays had lower composite scores on average (p<0.0001,
Factor 1, p<0.0001 Factor 2) compared to those with a normal chest x-ray. Finally, baseline
and most recent BAL lymphocyte percentages were negatively associated with Factor 2 (exer-
cise test) (p<<0.0001); higher BAL lymphocyte percentage was associated with lower Factor 2
composite scores on average.

Three clusters identified

Using the same individual estimates in the factor analysis for lung function and exercise test
measure at 30 years from first exposure, three clusters were identified that minimized the
within-cluster variance.[23] There were 53 subjects in Cluster 1, 59 subjects in Cluster 2, and
95 subjects in Cluster 3; these cluster assignments were consistent in 25 replicates of the analy-
sis using random initial assignments of each person to a cluster. The characteristics of each
cluster are shown in Table 4; as expected, the mean of each of the individual 30-year estimates
differed across the three clusters (all p <0.0001). Tests of association between cluster member-
ship and lung function variables demonstrate worse lung function for those in Cluster 1 com-
pared to the other clusters. The average 30-year estimates were significantly lower for most
PFT and exercise test parameters, except A-a gradient, which was higher (indicative of worse
disease), in Cluster 1 compared to Cluster 3 (all p<0.0001). Two of the exercise test parameters
(VO,m and WLM) were statistically different between Clusters 2 and 3 (both p<0.0001); these
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Table 3. Association between patient characteristics and factor composite scores.

Factor 1 P-Value Factor 2 P-Value
PFT,VO,m + WLM* Exercise Test *

Sex 0.71 0.93
Male 0.04 (3.5) 0.01 (2.5)
Female -0.15(2.9) -0.04 (3.4)
Race 0.56 0.96
Caucasian 0.02 (3.4) -0.005 (2.6)
Other -0.09 (3.1) 0.02 (3.4)
Age of Diagnosis -0.04 0.58 -0.01 0.84
Diagnosis Type 0.36 0.001
By biopsy granulomas -0.02 (3.5) -0.11(2.8)
By bronchoalveolar lavage or chest x- ray 0.48 (2.3) 1.3(1.7)
Ever Smoked
Yes -0.21(3.3) 0.38 -0.02 (2.3) 0.91
No 0.20 (3.4) 0.02 (3.1)
Steroids Ever
Yes -1.58 (3.5) 0.0002 -1.82(3.3) 0.0005
No 0.48 (3.2) 0.60 (2.3)
Lymphocyte Percent®
Closest to Diagnosis -0.10 0.16 -0.31 <0.0001
Most Recent -0.10 0.20 -0.36 <0.0001
Abnormal CXR
Yes -3.0(3.2) <0.0001 -4.4 (3.5) <0.0001
No .35(3.2) 0.56 (2.0)
Exposure
Years 0.12 0.12 -0.02 0.77
Machinists -0.09 (2.6) 0.89 0.17 (2.7) 0.68
Non-Machinists -0.16 (3.5) -0.03 (2.8)
High exposure -0.27 (3.2) 0.21 -0.18 (2.9) 0.003
Low Exposure 0.58 (4.4) 1.1(1.8)
High-Risk E69 Allele 0.83 0.92
Have an E69 allele -0.12(2.3) -0.05 (2.8)
No E69 alleles 0.12 (4.5) -0.12 (3.5)

*Mean (SD) of factor composite score for categorical group or correlation between measure and composite score.

SNatural logarithm transformed

https://doi.org/10.1371/journal.pone.0188119.t003

are the same two measures that were more correlated with the PFT measures than the exercise
test measures in the factor analysis. Individuals in Cluster 1 had significantly lower Factor 1
(PFT + VO,max and WLM) and Factor 2 (exercise test) composite scores on average com-
pared to Clusters 2 and 3 (p<0.0001, <0.0001), and Cluster 3 had significantly lower Factor 1
composite scores compared to Cluster 2 (p<0.0001) (Fig 1).

Baseline characteristics of individuals as predictors of cluster

membership

Individuals in Cluster 1 and Cluster 2 were more likely to be diagnosed based on having granu-
lomas on biopsy compared to Cluster 3 (Table 4; p = 0.01). Cluster 1 also had a significantly
higher proportion of patients who had been treated with steroids and had more abnormal
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Table 4. Association between patient characteristics and clusters [n(%) or Mean (SD)].

Cluster 1 Cluster 2 Cluster 3 P-value®
(n=53) (n=59) (n=95)

Demographics
Male 43 (81.1%) 47 (79.7%) 72(75.8%) 0.72
Caucasian 43 (81.1%) 49 (83.1%) 74(77.9%) 0.58
Age of Diagnosis (years) 53.4 (12) 54.7 (10) 53.1(10) 0.65
Ever Smoked 22 (41.5%) 31 (52.5%) 54(56.8%) 0.20
Diagnosed by Granulomas 48 (98.0%) 54 (91.5%) 77(81.9%) 0.01
Lymphocyte Percent®
Closest to Diagnosis 3.14(0.13) % 3.0(0.12) 2.72(0.10) 0.03
Most Recent 3.0 (1.0) 2.9 (0.80) 2.8(1.0) 0.39
Abnormal Chest X-ray 18 (34.6%)** 2 (4.0%) 3(3.0%) <0.0001
Treatment Ever 25(47.2%)*% 6(10.2%) € 18(19.3%) <0.0001
Exposure
Years of Exposure 13.9(9.7) 16.5 (12.0) 15.3(9.7) 0.42
Machinist vs. Non 9 (17.7%) 6 (12.0%) 25(28.1%) 0.06
High vs. Low 45 (88.2%) 38 (76.0%) 78(87.6%) 0.13
High-Risk E69 43 (89.6%) 45 (90.0%) 76(90.1%) 0.99

2 Comparisons were ANOVA or Pearson’s chi-square tests
SNatural logarithm transformed

*Cluster 1 significantly differed from Cluster 2 (p<0.0001)

¢ Cluster 1 significantly differed from Cluster 3(p<0.0001)

€ Cluster 2 significantly differed from Cluster 3 (p<0.0001)

https://doi.org/10.1371/journal.pone.0188119.t004

chest x-rays, than Clusters 2 and 3 (p<0.0001, p<0.0001). The third measure, BAL lymphocyte
percentage, was higher on average at diagnosis in Cluster 1 compared to Cluster 3, but not
cluster 2 (p <0.0001, p = 0.17). Baseline lung function also differed across Clusters based on
FEV1, FVC, TLC and DLCO (Table 5; all p< 0.0001); Cluster 1 had the lowest baseline lung
function, followed by Cluster 2 and then Cluster 3.

Longitudinal models with severity covariates included

Having a job as a beryllium machinist (a surrogate measure for higher exposure),was only
marginally significantly different between clusters and was not associated with either factor
(Table 6). The results from the individual longitudinal trait analyses were consistent with the
cluster and factor analyses that considered all of the lung function variables jointly; steroid use
was associated with worse trajectories over time for individual outcomes just as it was associ-
ated with clusters and factor values that represent poorer lung function. These results indicate
that the composite measures (factors and clusters) give information similar to individual mea-
sures while greatly reducing the number of variables that need to be considered in a statistical
analysis or disease severity summary for a clinician.

Discussion

The purpose of this study was to use data reduction techniques to comprehensively character-
ize CBD disease phenotypes using longitudinal information. Factor and cluster analyses were
performed with longitudinal exercise test and PFT model estimates to reduce the number of
outcome measures evaluated individually, and to determine if joint analysis of the results from
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Fig 1. Comparison of factors between clusters. Cluster 1 had significantly lower composite scores than Clusters 2 or 3 (p<0.0001). Cluster 3 had
significantly lower PFT, VO.m + WLM composites than Cluster 2 (p<0.0001).

https://doi.org/10.1371/journal.pone.0188119.9001

these longitudinal measures would produce a more comprehensive understanding and assess-
ment of CBD severity. The factor and cluster analyses provide complimentary information to
the characterization of CBD phenotype. The factor analysis identified underlying processes
being measured by the lung function variables. The cluster analysis grouped the patients in
terms of similarity across the measures of lung function in an attempt to find subgroups of
patients with similar physiologic characteristics.

We identified two unique underlying factors contributing to the covariance of the multiple
measures of lung function among patients with CBD; one factor included all the PFT measures
along with two exercise measures, and the other included the rest of the exercise test measures
of gas exchange. Patient-specific values for these factors were associated with membership in
one of three distinct groups of patients that were identified via clustering of the patients based
on similarity across the multiple measures of pulmonary physiology. In addition, both the fac-
tor and the cluster membership were associated with traditionally-held markers of CBD sever-
ity. Using both of these methods, we found that both the PFT data and exercise test data gave
unique and meaningful information towards the characterization of CBD.

We found some key differences in the patient characteristics that predicted the factors and
different clusters in our population of CBD subjects. Factor 1 (PFT + VO,max and WLM)
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Table 5. Association between lung function and clusters.

Factors

Factor 1 PFT,+ VO,m + WLM
Factor 2 Exercise Test
Estimate at 30 Years from First Exposure
FEV1 (liters)

FVC (liters)

TLC (liters)

DLCO (mL/min/mmHg)
(A-a)O, rest (mmHg)

(A-a)O, max (mmHg)

PaO.r (mmHg)

PaO,m (mmHg)

VO,m (liters/minute)

WLM (watts)

Baseline Value

FEV1% predicted

FVC % predicted

TLC % predicted

DLCO % predicted

Cluster 1 Mean (SD) (n =53) | Cluster 2 Mean (SD) (n=59) | Cluster 3 Mean (SD) (n=95) | P-value

-4.8 (2.3) *% 4.7(1.6) -0.11(1.4) <0.0001
2.7 (3.3) ** 0.56(1.9) 1.1(1.7) <0.0001
1.86 (0.40)*% 3.11(0.34)¢ 2.6(.32) <0.0001
2.34(0.51) *¢ 4.03(0.43) € 3.2(0.34) <0.0001
4.75(0.92) *¢ 6.46 (0.67) € 5.7 (0.63) <0.0001
15.3 (4.2) *¢ 29.5(6.7) € 22.7 (4.7) <0.0001
15.4 (5.1) * 10.9 (3.15) 10.2 (3.3) <0.0001
29.6 (16.8) ** 17.2(7.7) 14.2 (7.6) <0.0001
66.1 (5.8) ** 71.6 (4.5) 72.5 (4.33) <0.0001
67.0 (10.5) *® 76.9 (7.6) 78.5 (6.4) <0.0001
1.11(0.2) ** 1.81(0.27) € 1.38 (0.23) <0.0001
83.6 (20.5) *¢ 158.0 (27.1) € 118.5 (22.2) <0.0001
76.5 (15.0)* 99.7 (14.7) 92.3(16.1) <0.0001
76.5 (13.8)* 97.2 (13.8)¢ 89.0 (13.1) <0.0001
93.7 (14.7)** 110.9 (12.3)¢ 103.7 (13.4) <0.0001
80.2 (24.4)*% 102.0 (19.2) 92.8 (18.5) <0.0001

*Cluster 1 significantly differed from Cluster 2 (p<0.0001),
§ Cluster 1 significantly differed from Cluster 3 (p<0.0001),
€Cluster 2 significantly differed from Cluster 3 (p<0.001)

https://doi.org/10.1371/journal.pone.0188119.t005

included the PFT plus two exercise test measures and these measures were the distinguishing
characteristics between two of the clusters of patients. These results might suggest that that
these physiologic abnormalities help define exercise capacity to a greater extent than the abso-
lute measures of gas exchange during exercise. It is interesting that DLCO, an assessment of
gas exchange, was not related with the exercise determination of oxygen levels and Alveolar-
arterial gradient, suggesting that it assesses other aspects of lung function. We also found that
there were proportionally more patients who worked as machinists and who were on cortico-
steroids in Cluster 3 compared to Cluster 2, supporting our current concepts of more severe
disease among those who are on treatment and those who tend to have higher beryllium expo-
sure. The variable “working as a machinist” is a surrogate of exposure and it is worth noting
that when evaluating high and low measures of exposure, both of these clusters had higher
exposure, although not statistically significantly different. There were even more patients on
treatment in Cluster 1, the cluster with the highest proportion of patients with an abnormal
chest x-ray (the most severe group). It is possible that these results could be an indication that
treatment is ineffective since Cluster 1 had more severe gas exchange abnormalities.

Our findings also indicate that both the PFT and exercise measures helped to differentiate
between the clusters, and that both types of lung physiology tests added unique information to
the characterization of CBD. These data support other CBD and sarcoidosis studies suggesting
that exercise tests may determine early physiologic abnormalities[24] as well as determine dis-
tinct abnormalities in disease.[25] Due to the physical requirements and the need to place an
arterial line, some patients are reluctant to complete the exercise testing. However, these results
may encourage patients to see the benefits of exercise physiology in disease diagnosis and
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Table 6. Longitudinal models of lung function and current severity proxies.

Severity Proxy Outcome Measure Time Slope Estimate (SE) P-value*

Treatment (Yes vs. No)
FEV1 0.40 (0.002) 0.0003
FvC 0.31(0.15) 0.03
TLC 0.22 (0.18) 0.23
DLCO 3.58 (1.4) 0.01
VO,m 0.14 (0.03) <0.0001
WLM 19.8 (2.7) <0.0001
(A-a)Oor -4.22 (0.51) <0.0001
(A-a)Oom -9.4 (0.88) <0.0001
PaO.m 8.8 (0.86) <0.0001
PaO.r 4.4 (0.62) <0.0001

Machinist (Yes vs. No)
FEV1 -0.005 (0.12) 0.97
FvC 0.03 (0.16) 0.87
TLC 0.007 (0.004) 0.74
DLCO 0.38 (1.5) 0.79
VO,m 0.06 (0.03) 0.10
WLM 4.5 (3.0) 0.13
(A-a)Ogrest -1.0(0.58) 0.07
(A-a)O,max -0.47 (1.0) 0.64
PaO.m -0.47 (0.99) 0.63
PaO.r -0.19 (0.69) 0.78

*All models adjusted for age, sex and race

https://doi.org/10.1371/journal.pone.0188119.t006

phenotyping. Future studies, with permutations of these models, may predict patient prognosis
based on intermittent exercise testing with more routine lung function data.

In a cross-sectional study of sarcoidosis patients,[26] three measurements from the PFT
testing were associated with a sarcoidosis disease severity score developed in that study. More
recent studies have evaluated other disease phenotypes with the use of longitudinal measures
to better understand disease etiology. In a study of Cystic Fibrosis (CF), longitudinal FEV1
percent predicted estimates at age 20 were the best at differentiating between severe and non-
severe groups of patients with Cystic Fibrosis using logistic regression and ROC curves.[27]
Other longitudinal Cystic Fibrosis studies have also used FEV1 or FVC to identify severe dis-
ease.[28] In our study, we included multiple PFT and exercise test measures, since it is our
clinical experience that there are different physiologic abnormalities that result from CBD
based on different types of lung impairment. For example, CBD may manifest as an isolated
airflow limitation, or a gas exchange abnormality[18, 24] and using multivariate techniques
enables better characterization of these and other clinically distinct phenotypes of disease.
CBD has historically been thought to be a homogeneous disease, although our studies suggest
heterogeneity of disease phenotype. Certainly, CBD is much less heterogeneous than sarcoido-
sis with only lung involvement evident in contrast to sarcoidosis in which multiple organs can
be involved; thus current paradigms for phenotyping sarcoidosis that address other organ
involvement besides lung are not applicable to CBD. It appears that the factors and clusters are
at least as sensitive at indicating disease severity as examining the longitudinal variables sepa-
rately. In the future, the possibility of using these developed clinical tools to evaluate associa-
tions with disease severity in large datasets with many predictors will decrease the complexity
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of the analyses and also reduce the number of adjustments for multiple comparisons. This may
be especially important as we define genetic and genomic risks for chronic beryllium disease.

Acknowledgments
We thank all of the patients who participated in this study.

Author Contributions

Conceptualization: Lori J. Silveira, Matthew Strand, Lisa A. Maier, Tasha E. Fingerlin.
Data curation: Lori J. Silveira, Michael V. Van Dyke, Margaret M. Mroz, Anna V. Faino.
Formal analysis: Lori J. Silveira, Anna V. Faino.

Funding acquisition: Lisa A. Maier, Tasha E. Fingerlin.

Investigation: Lori J. Silveira, Michael V. Van Dyke, Margaret M. Mroz, Lisa A. Maier, Tasha
E. Fingerlin.

Methodology: Matthew Strand, Lisa A. Maier, Tasha E. Fingerlin.

Project administration: Margaret M. Mroz, Lisa A. Maier, Tasha E. Fingerlin.
Resources: Lisa A. Maier, Tasha E. Fingerlin.

Software: Lisa A. Maier.

Supervision: Matthew Strand, Dana M. Dabelea, Lisa A. Maier, Tasha E. Fingerlin.
Visualization: Tasha E. Fingerlin.

Writing - original draft: Lori J. Silveira, Lisa A. Maier, Tasha E. Fingerlin.

Writing - review & editing: Lori J. Silveira, Matthew Strand, Margaret M. Mroz, Dana M.
Dabelea, Lisa A. Maier, Tasha E. Fingerlin.

References

1. Van Dyke M, Martyny JW, Mroz MM, Silveira LJ, Strand M, Cragle DL, et al. Exposure and genetics
increase risk of beryllium sensitization and chronic beryllium disease in the nuclear weapons industry.
Occup. Environ. Med. Online First 2011; 68:842-8. https://doi.org/10.1136/0em.2010.064220 PMID:
21460389

2. Silveira LJ, McCanlies EC, Fingerlin TE, Van Dyke M, Mroz MM, Strand M, et al. Chronic beryllium dis-
ease, HLA-DPB1, and the DP peptide binding groove. J. Immunol. 2012; 189:4014—4023. https://doi.
org/10.4049/jimmunol.1200798 PMID: 22972925

3. Schuler CR, Virji MA, Deubner DC, Stanton ML, Stefaniak AB, Day GA, et al. Sensitization and chronic
beryllium disease at a primary manufacturing facility, part 3: exposure-response among short-term
workers. Scand. J. Work Environ. Health 2012; 38:270-81. https://doi.org/10.5271/sjweh.3192 PMID:
21877099

4. RicheldiL, Sorrentino R, Saltini C. HLA-DPB1 glutamate 69: a genetic marker of beryllium disease. Sci-
ence 1993; 262:242-244. PMID: 8105536

5. McCanlies EC, Kreiss K, Andrew M. HLA-DPB1 and Chronic beryllium Disease: A HUGE Review. Am.
J. Epidemiol. 2003; 157:388-98. PMID: 12615603

6. Deubner D, Kelsh M, Shum M, Maier L, Kent M, Lau E. Beryllium sensitization, chronic beryllium dis-
ease, and exposures at a beryllium mining and extraction facility. Appl. Occup. Environ. Hyg. 2001; 16:
579-592. https://doi.org/10.1080/104732201750169697 PMID: 11370937

7. Van Dyke MV, Martyny JW, Mroz MM, Silveira LJ, Strand M, Fingerlin TE, et al. Risk of chronic beryl-
lium disease by HLA-DPB1 E69 genotype and beryllium exposure in nuclear workers. Am. J. Respir.
Crit. Care Med. 2011; 183:1680—-1688. htips://doi.org/10.1164/rccm.201002-02540C PMID: 21471109

8. Tinkle SS, Weston A, Flint MS. Genetic factors modify the risk of developing beryllium disease. Semin.
Respir. Crit. Care Med. 2003; 24:169-178. https://doi.org/10.1055/s-2003-39016 PMID: 16088536

PLOS ONE | https://doi.org/10.1371/journal.pone.0188119  November 16, 2017 12/13


https://doi.org/10.1136/oem.2010.064220
http://www.ncbi.nlm.nih.gov/pubmed/21460389
https://doi.org/10.4049/jimmunol.1200798
https://doi.org/10.4049/jimmunol.1200798
http://www.ncbi.nlm.nih.gov/pubmed/22972925
https://doi.org/10.5271/sjweh.3192
http://www.ncbi.nlm.nih.gov/pubmed/21877099
http://www.ncbi.nlm.nih.gov/pubmed/8105536
http://www.ncbi.nlm.nih.gov/pubmed/12615603
https://doi.org/10.1080/104732201750169697
http://www.ncbi.nlm.nih.gov/pubmed/11370937
https://doi.org/10.1164/rccm.201002-0254OC
http://www.ncbi.nlm.nih.gov/pubmed/21471109
https://doi.org/10.1055/s-2003-39016
http://www.ncbi.nlm.nih.gov/pubmed/16088536
https://doi.org/10.1371/journal.pone.0188119

@° PLOS | ONE

Clinical tool for disease phenotyping in granulomatous lung disease

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.
21.

22,
23.

24,

25.

26.

27.

28.

Jonth AC, Silveira LJ, Fingerlin TE, Sato H, Luby JC, Welsh Kl, et al. TGF-beta 1 variants in chronic ber-
yllium disease and sarcoidosis. J. Immunol. 2007; 179:4255-4262. PMID: 17785866

Mack DG, Lanham AM, Falta MT, Palmer BE, Maier LA, Fontenot AP, et al. Deficient and dysfunctional
regulatory T cells in the lungs of chronic beryllium disease subjects. Am. J. Respir. Crit. Care Med.
2010; 181: 1241-1249. https://doi.org/10.1164/rccm.201001-00250C PMID: 20299529

Maier LA, Raynolds MV, Young DA, Barker EA, Newman LS, et al. Angiotensin-1 converting enzyme
polymorphisms in chronic beryllium disease. Am. J. Respir. Crit. Care Med. 1999; 159:1342—1350.
https://doi.org/10.1164/ajrccm.159.4.9806106 PMID: 10194187

Newman LS, Bobka C, Schumacher B, Daniloff E, Zhen B, Mroz MM, et al. Compartmentalized immune
response reflects clinical severity of beryllium disease. Am. J. Respir. Crit. Care Med. 1994; 150;135—
142. https://doi.org/10.1164/ajrccm.150.1.8025739 PMID: 8025739

Newman LS, Orton R, Kreiss K. Serum angiotensin converting enzyme activity in chronic beryllium dis-
ease. Am. Rev. Respir. Dis. 1992; 146;39—-42. https://doi.org/10.1164/ajrccm/146.1.39 PMID: 1320822

Palmer BE, Mack DG, Martin AK, Maier LA, Fontenot AP. CD57 expression correlates with alveolitis
severity in subjects with beryllium-induced disease. J. Allergy Clin. Immunol. 2007; 120:184-191.
https://doi.org/10.1016/j.jaci.2007.03.009 PMID: 17416406

Rodrigues EG, McClean MD, Weinberg J, Pepper LD. Beryllium sensitization and lung function among
former workers at the Nevada Test Site. Am. J. Ind. Med. 2008; 51:512-523. https://doi.org/10.1002/
ajim.20585 PMID: 18459143

Sato H, Silveira LJ, Spagnolo P, Gillespie M, Gottschall EB, Welsh KiI, et al. CC chemokine receptor 5
gene polymorphisms in beryllium disease. Eur. Respir. J. 2010; 36:331-338. https://doi.org/10.1183/
09031936.00107809 PMID: 20075058

Mroz MM, Maier LA, Strand M, Silviera L, Newman LS. Beryllium lymphocyte proliferation test surveil-
lance identifies clinically significant beryllium disease. Am. J. Ind. Med. 2009; 52:762—-773. https://doi.
org/10.1002/ajim.20736 PMID: 19681064

Rossman MD. Recent chronic beryllium disease in residents surrounding a beryllium facility: patients’
information. Am. J. Respir. Crit. Care Med. 2009; 179:173. https://doi.org/10.1164/ajrccm.179.2.173a
PMID: 19119155

Laird Nan M.; Ware James H. (1982). "Random-Effects Models for Longitudinal Data". Biometrics.
International Biometric Society. 38 (4): 963-974

Sas/Stat 9.2 User’s Guide Survey Data Analysis. Sas Inst, 2009.

Kumar M, Patel NR. Clustering data with measurement errors. Comput. Stat. Data Anal. 2007;
51:6084-6101.

Rummel, R. Understanding Factor Analysis. at <https://www.hawaii.edu/powerkills/fUFA.HTM>

Costello A, Osborne J. Best Practices in Exploratory Factor Analysis: Four recommendations for getting
the most from your analysis. Practical Assessment Research & Evaluation. 2005; 10:1.

Pappas GP, Newman LS. Early pulmonary physiologic abnormalities in beryllium disease. Am. Rev.
Respir. Dis. 1993; 148:661-666. https://doi.org/10.1164/ajrccm/148.3.661 PMID: 8368637

Sarcoidosis. [Med Clin North Am. 2011]—PubMed—NCBI. at <http://www.ncbi.nlm.nih.gov/pubmed/
22032436>

Wasfi YS, Rose CS, Murphy JR, Silveira LJ, Grutters JC, Inoue Y, et al. A new tool to assess sarcoido-
sis severity. Chest2006; 129:1234—1245. https://doi.org/10.1378/chest.129.5.1234 PMID: 16685014

Schluchter MD, Konstan MW, Drumm ML Yankaskas JR, Knowles MR, et al. Classifying Severity of
Cystic Fibrosis Lung Disease Using Longitudinal Pulmonary Function Data. Am. J. Respir. Crit. Care
Med. 2006; 174:780-786. https://doi.org/10.1164/rccm.200512-19190C PMID: 16858011

McCarthy C. The CF-ABLE Score: A Novel Clinical Prediction Rule for Prognosis in Patients With Cystic
Fibrosis. CHEST J. 2013; 143:1358.

PLOS ONE | https://doi.org/10.1371/journal.pone.0188119  November 16, 2017 13/13


http://www.ncbi.nlm.nih.gov/pubmed/17785866
https://doi.org/10.1164/rccm.201001-0025OC
http://www.ncbi.nlm.nih.gov/pubmed/20299529
https://doi.org/10.1164/ajrccm.159.4.9806106
http://www.ncbi.nlm.nih.gov/pubmed/10194187
https://doi.org/10.1164/ajrccm.150.1.8025739
http://www.ncbi.nlm.nih.gov/pubmed/8025739
https://doi.org/10.1164/ajrccm/146.1.39
http://www.ncbi.nlm.nih.gov/pubmed/1320822
https://doi.org/10.1016/j.jaci.2007.03.009
http://www.ncbi.nlm.nih.gov/pubmed/17416406
https://doi.org/10.1002/ajim.20585
https://doi.org/10.1002/ajim.20585
http://www.ncbi.nlm.nih.gov/pubmed/18459143
https://doi.org/10.1183/09031936.00107809
https://doi.org/10.1183/09031936.00107809
http://www.ncbi.nlm.nih.gov/pubmed/20075058
https://doi.org/10.1002/ajim.20736
https://doi.org/10.1002/ajim.20736
http://www.ncbi.nlm.nih.gov/pubmed/19681064
https://doi.org/10.1164/ajrccm.179.2.173a
http://www.ncbi.nlm.nih.gov/pubmed/19119155
https://www.hawaii.edu/powerkills/UFA.HTM
https://doi.org/10.1164/ajrccm/148.3.661
http://www.ncbi.nlm.nih.gov/pubmed/8368637
http://www.ncbi.nlm.nih.gov/pubmed/22032436
http://www.ncbi.nlm.nih.gov/pubmed/22032436
https://doi.org/10.1378/chest.129.5.1234
http://www.ncbi.nlm.nih.gov/pubmed/16685014
https://doi.org/10.1164/rccm.200512-1919OC
http://www.ncbi.nlm.nih.gov/pubmed/16858011
https://doi.org/10.1371/journal.pone.0188119

