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Background: Histoplasmosis pulmonary nodules often present in computed tomography (CT) imaging
with characteristics suspicious for lung cancer. This presents a work-up decision issue for clinicians in regions
where histoplasmosis is an endemic fungal infection, when a nodule suspicious for lung cancer is detected.
We hypothesize the application of radiomic features extracted from pulmonary nodules and perinodular
parenchyma could accurately distinguish between suspicious histoplasmosis lung nodules and non-small cell
lung cancer (NSCLC).

Methods: A retrospective clinical cohort of pulmonary nodules with a confirmed diagnosis of
histoplasmosis or NSCLC was collected from the University of Iowa Hospitals and Clincs. Radiomic
features were extracted describing characteristics of the nodule and perinodular parenchyma regions and
used to build a machine learning tool. These cases were assessed by four expert clinicians who gave a blinded
risk prediction for NSCLC. Tool and observer performance were assessed by calculating the area under the
curve for the receiver operating characteristic (AUC-ROC) and interclass correlation coefficient (ICC).
Results: A cohort of 71 subjects with confirmed histopathology (40 NSCLC, 31 histoplasmosis) were
case-matched based on age, sex, and smoking history. Superior performance (AUC-ROC =0.89) was
demonstrated using leave-one-subject out validation in the tool that incorporated radiomics from the nodule
and perinodular parenchyma region extended to 100% nodule diameter. Observers had perfect intra-
repeatability ICC =1.0) and demonstrated fair inter-reader variability (ICC =0.52).

Conclusions: Radiomics have potential utility in the challenging task of differentiation between lung
cancer and histoplasmosis. Expert clinician readers have high intra-repeatability but demonstrated inter-

reader variability which could provide context for a supplemental radiomics-based tool.
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Introduction

Histoplasmosis is a fungal infection endemic to parts of
the Americas and Caribbean, with cases reported world-
wide from Southern Europe, Southeast Asia, Central
Africa, and Oceania (1). This disease often presents as a
pulmonary nodule (granulomas) via radiographic imaging
with X-ray or computed tomography (CT) with attributes
resembling lung cancer including laminated calcific rings
on CT and increased avidity on fluorodeoxyglucose-
positron emissions tomography (FDG-PET) (2,3). As
CT is becoming more widely used for the detection and
management of pulmonary nodules, this presents a clinical
challenge to physicians in endemic regions when faced
with decisions for patient immediate and follow-up care.
Difficulty distinguishing between benign granulomas
and malignant nodules could lead to either a delay in
treatment for lung cancer and/or unnecessary invasive
diagnostic/intervention procedures for histoplasmosis.
While severe cases can result in life-threatening conditions
and morbidity, the majority of patients with pulmonary
histoplasmosis present with mild to moderate disease,
which often resolves without treatment (4). Additionally,
the higher incidence of suspicious lung nodules in
regions of endemic histoplasmosis may result in increased
variability in clinician interpretation.

There is little prior work on identifiable qualitative
or quantitative imaging features that are indicative of a
histoplasmosis nodule (3). Typically, nodule composition
and size are used as the main criteria for quantifying cancer
risk (5,6). However, traditional nodule follow-up guidelines
such as the Fleischner Society Guidelines for pulmonary
nodule management may not apply to populations in
endemic regions as malignancy rates may be lower in larger
nodules. Therefore, less aggressive interventions are more
appropriate (7). Case reports from human observers have
detailed some potential radiological characteristics that could
assist in the imaging-based determination of histoplasmosis
in suspicious lung lesions (8-12). Furthermore, the experience
and location of training for clinicians may play a part in
follow-up management biases. A small trend towards lower-
false positives in lung cancer screening from clinicians at
institutions in areas endemic to histoplasmosis infection
was seen in a retrospective assessment of the National Lung
Cancer Screening Trial (13).

The ability to distinguish histoplasmosis from lung cancer
could be enhanced by extending information extraction from
CT beyond nodule size to include more advanced radiomic
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features. Such automatically extracted features have been
used previously to develop classification tools for lung nodule
applications including differentiation between malignant-
benign nodules (14-20). We hypothesize that the application
of radiomic features from the nodule and surrounding
perinodular parenchyma could accurately distinguish
between suspicious histoplasmosis lung nodules and non-
small cell lung cancer (NSCLC). This study evaluates the
utility of top predictive radiomic features for the distinction
of histoplasmosis from NSCLC in suspicious pulmonary
nodules and compares the performance to performance from
four blinded clinician observer predictions.

Methods
Study population

Subjects included were part of a larger cohort collected
retrospectively with from the University of Iowa Hospitals
and Clinics, located in a region endemic for Histoplasmosis
(21,22). With Institutional Board Approval (IRB
#201202740), radiology reports from thoracic CT scans
were text searched for the terms “pulmonary nodule” or
“lung nodule”. The electronic medical records (Epic, WI,
USA) from identified patients were manually searched
for inclusion criteria of having diagnosis of pulmonary
nodule through histopathology and CT imaging of solitary
pulmonary nodule (4-30 mm) prior to diagnosis. A subject
was defined as having pulmonary histoplasmosis or lung
cancer if the pathology examination of the lung biopsy
(obtained by surgery, bronchoscopy, or CT guided needle
biopsy) showed the presence of granulomas or malignant
cells compatible with NSCLC respectively. These subjects

were matched based on age, sex, and smoking history.

Machine learning tool application

A pipeline for machine learning tool development,
recently published by Uthoff ez 4/., was applied with
slight modifications to the features to accommodate the
high variability in CT acquisition protocol from the
retrospective, clinically acquired data (17). To summarize,
the nodule and surrounding parenchyma were segmented
semi-automatically using a seed-click method as described
in Mukhopadhyay ez a/. (23). The perinodular region
identified was segmented into rings that were nodule size-
standardized through a nodule mask dilation procedure at
0%, 25%, 50%, 75%, and 100% the nodule diameter for
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five candidate tools, Nodule, Margin, Immediate, Extended,
and Extended+ respectively. One hundred and one
quantitative imaging characteristics describing the intensity
and 2D texture were extracted from the nodule and
perinodular regions; 17 features describing border, size, and
shape features were also extracted from the nodule mask.
Highly correlated features were clustered using k-medoids
clustering, and the resulting medoids were sent through
information theory-based feature set selection. The selected
feature set was used to build an ensemble of artificial neural
networks (ENNs) to differentiate between Histoplasmosis
and NSCLC using leave-one-subject-out cross-validation
for performance measure assessment.

Observer assessment

We performed a controlled observer study on the full cohort
of 71 plus 29 repeated cases (total of 100 cases provided
to the observer) to examine the inter- and intra- observer
variability. Four observers (2 radiologists, 2 pulmonologists)
were each provided de-identified CT data and accompanying
basic clinical information in a manner blinded to diagnosis.
The clinical information provided included, subject age,
sex, FDG-PET avidity, and if the radiology report noted
the presence of cavitation or calcification. The observers
were asked to provide a categorical risk (low, medium, high)
for NSCLC and a continuous analog risk between 0 (likely
histoplasmosis) and 1 (likely NSCLC).

Statistical assessment and performance measures

Machine learning and observer continuous analog risk
assessment performance were measured using the area
under the curve for the receiver operating characteristic
(AUC-ROC) (Delong) and Youden’s J statistic. McNemar’s
test was used to compare binary classification differences.
Interclass correlation coefficient (ICC) was used as the
assessment of consistency or reproducibility of continuous
(0-1) risk made by different observers on the same nodule,
the guidelines put forth by Cicchetti were used for
interpretation (24). Weighted Cohen Kappa and percent
agreement were used to assess the categorical agreement
among readers (25).

Results
Matching reduces demographic and size bias in cobort

A total of 151 suitable subjects with histopathology
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confirmed diagnosis (49 histoplasmosis, 102 NSCLC) were
retrospectively identified from the University of Iowa.
Cases were matched between histoplasmosis and NSCLC
based on subject: (I) sex; (II) age within = 3-years; (II) self-
reported smoking history. As pack-years were significantly
different between groups and the accurate collection of pack-
year information is difficult in long-term smokers, smoking
history was split into three categories (I) never smokers; (II)
<30 pack-year history—not smoking eligible for low-dose CT
screening; (III) >30 pack-year history—smoking eligible for
low-dose CT screening. This resulted in 71 unique subjects
(31 histoplasmosis, 40 NSCLC) and 94 total matches (some
subjects matched to more than one other subject). Table 1
indicates demographical variables for the matched cohort.
No statistical demographic difference was found between
diagnosis groups and nodule size was not significant (P=0.40).

Information theory-based feature set selection illustrates
features from the parenchyma are informative of disease

Following a rule of thumb of one feature per five training
subjects, a maximum of 14 features were allowed for the
development of the candidate tools. The four parenchymal
inclusion tools used between 9 and 12 features while the
Nodule tool used 10 (Tiable 2). Neither RECIST diameter
nor nodule volume was selected in any candidate tools but
the water-equivalent diameter was selected in the Nodule
and Margin tools. No single feature was selected in all
five candidate tools. Parenchymal ring Long Run High
Gray-Level Emphasis was selected in all candidates with
perinodular signal inclusion. There was little overlap in the
selected nodule vs. parenchyma features (i.e., nodular Low
Gray-Level Zone Emphasis and parenchymal ring Low
Gray-Level Zone Emphasis were not both selected in the
same tool) indicating that the signals detected from these
regions are unique. In all, 42 of the total 51 features selected
in at least one of the candidate tools were textural with the
most candidate translational features (included in multiple
tools) being run-length or size-zone features.

Tool assessment performance improved with the inclusion
of surrounding parenchyma

The five candidate tools were run through feature-set
selection and development on ENN using leave-one-out;
Figure 1 demonstrates the range of predictions from the five
candidate tools. The performance measures are summarized
in Table 3. Pairwise Delong assessment showed no statistical
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Table 1 Demographics of matched cohort along with p-value

comparison between histoplasmosis and NSCLC

Demographic

Variable Histoplasmosis NSCLC P
N 31 40 -
Sex 23F:8 M 23 F:17 M 0.14
Age (years), 57+8, 59+7.6, 0.12
mean, range 46-76 47-79
BMI, mean, 30.7+8.2, 27.9+8.2, 0.11
range 19.1-51.8 16.0-44.5
Pack-years, 14.5+£17.8, 26.5+26.8, 0.03
mean, range 0-66 0-92
Smoking tertiary
Non 10 7 0.1
NSE 16 18
SE 5 15
Location 9 20 0.05
RUL 9 20 0.05
RML 4 2
RLL 11 4
LUL 5 10
LLL 2 4
Nodule diameter, 11.4+3.5, 12.1£3.3, 0.40
mean, range 4.7-20.6 4.4-171

NSCLC, non-small cell lung cancer; N, number of subjects; F,
female; M, male; BMI, body mass index; Non, never smoker;
NSE, less than 30 pack-year history; SE, 30 or greater pack-
year history; RUL, right upper lobe; RML, right middle lobe; RLL,
right lower lobe; LUL, left upper lobe; LLL, left lower lobe.

difference between ROC curves (P value between 0.12—
0.99). Of the candidate tools, the Extended+ (incorporating
parenchymal ring at 100% diameter) achieved the highest
AUC-ROC using leave-one-out (AUC-ROC =0.89)
utilizing ten features, 4 from the nodule and 6 from the
perinodular parenchyma. The top-ranked feature was
the parenchymal Long Run High Gray-Level Emphasis.
Applying the Youden threshold (0.60), the Extended+ tool
achieved 84% specificity and 83% sensitivity. Applying
the 90%-sensitivity threshold (0.55) to the Extended+ tool
achieved a specificity of 61%.
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Observer categorical and continuous quantitative
assessments demonstrate variation between readers

All four readers agreed on the categorical risk (low, medium
or high) in 23 of the 71 cases; of those, 5 were scored low,
3 medium, and 15 high (Figure 2). All agreed-upon low-
risk scored nodules were benign and all agreed-upon high-
risk nodules were NSCLC. This indicates that for 38%
of the NSCLC cases there was high confidence in lung
cancer classification among all observers and for 16%
of the histoplasmosis cases there was high confidence in
benign classification among all observers. Categorical
assessment agreement was an average of 0.49 in weighted
Cohen Kappa for all readers. The pulmonologists had
higher level of agreement between each other (0.62) and the
radiologists had lower level of agreement (0.36), however,
some of the ‘disagreement’ could be due to the risk-aversity
of readers (i.e., one radiologist decided on an ‘extreme’
category—low/high while the other chose medium). In fact,
categorical percentage of agreement hovered at random
chance 32.4%—given there are three categories there is
the unbiased draw likelihood that any rater will agree with
another 33% of the time. On the quantitative assessment
of risk, the ICC was 0.52 between all four raters indicating
a fair level of agreement between raters. While differences
existed between readers (inter-reader), assessment of the
intra-reader differences in categorical assessments showed
readers were 100% repeatable in category assignment.
Continuous quantitative assessment was slightly less
repeatable with a range in the difference between <0.01
and 0.13.

Observer continuous quantitative assessment demonstrates
benefit of buman observer; potential for simple self-trained tool

The observers’ continuous quantitative risk scores
(between 0-1) were assessed for direct comparison to the
machine learning tool. Observers ranged in AUC-ROC
=0.65-0.80 (power 0.54-0.99) and Youden-threshold based
sensitivity and specificity between 0.65-0.94 and 0.31-0.88
respectively (Table 3, Figure 3). Youden-threshold based
sensitivity indicates the potential aid a simple ‘self-training’
tool could be assistive with compared to the categorical
threshold. When compared to the average performance
across all four observer readings, the Extended+ tool had
comparable sensitivity with improved specificity.
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Table 2 Selected features from among the five candidate tools

983

Feature type Feature name Nodule Margin Immediate Extended Extended+
Nodule
BS Mean Sphere Difference 4
SH Sphericity 1 10
Sz H,O Equivalent Diameter 3 8
IH 25th HU Percentile 9 7 7
LTEM Mean-5 6
NGTD Kurtosis-16 8 10 3
Strength 10 3 9 8
GLRL Gray-Level Variance 1 1
High Gray-Level Run Emphasis 5 4 11 5
GLSz Gray-Level Non-Uniformity 2 7
Low Gray-Level Zone Emphasis 2
Small Zone Emphasis 7
Zone-Size Non-Uniformity 3 2
Small Zone High Gray-Level Emphasis 7 8
Parenchyma
IH Full-Width-At-Half-Maximum 5
LTEM Mean-1 11 9
NGTD Busyness 1 9
Contrast 9 4 6 2
GLRL Gray-Level Non-Uniformity 12 6 8 6
Low Gray-Level Run Emphasis 4
Long Run High Gray-Level Emphasis 5 5 3 1
GLSz Low Gray-Level Zone Emphasis 2
Small Zone High-Gray Level Emphasis 6 4
Total 10 12 11 9 10

BS, border sphere comparison; SH, shape; Sz, size; IH, intensity histogram; LTEM, law’s texture energy measure; NGTD, neighborhood
gray-tone difference; GLRL, gray-level run length; GLSZ, gray-level size zone.

Discussion

In this study we observed that clinician’s intra-observer
risk predictions are stable, however, we recorded high
inter-observer variability in these challenging cases. This
disparity could be due to personal subjective biases (level
of conservativeness, experience in endemic histoplasmosis
region) and could result in a lack of standardization in the
way lung nodule cases are managed in the clinic. As this
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variability exists, a test or tool that would lend additional
information about subject risk could be beneficial to
increasing standardization of care between providers.
Recently, a minimally invasive biomarker using serum
enzyme immunoassay analysis has been developed to
address this problem (sensitivity 42 %, specificity 85%) (26).
A radiomic approach is potentially advantageous as it
utilizes existing data — requiring no additional sample
collection or work-up process. We found that the
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Figure 1 Overlay histogram visualization of five candidate tools applied to the Histoplasmosis-NSCLC cohort. Solid lines indicate Youden

Risk prediction value

Risk prediction value

threshold, dashed lines indicate threshold for 90% sensitivity. NSCLC, non-small cell lung cancer.

Table 3 Performance measures of machine learning candidate tools applied using leave-one-subject out cross validation and performance

measures of quantitative (analog) risk assessment from the four human readers

Assessment Method Expert AUC-ROC Youden Specificity Sensitivity
ML-tool candidate Nodule 0.78 0.36 0.61 0.90
Margin 0.86 0.46 0.77 0.85
Immediate 0.79 0.38 0.65 0.80
Extended 0.88 0.41 0.81 0.88
Extended+ 0.89 0.60 0.84 0.83
Observer (Analog) Reader 1 0.76 0.63 0.62 0.88
Reader 2 0.80 0.67 0.73 0.79
Reader 3 0.74 0.74 0.88 0.65
Reader 4 0.65 0.75 0.31 0.94
Average reader 0.74 NA 0.63 0.82

ML, machine learning; AUC-ROC, area-under-curve of receiver-operator characteristic; NA, not applicable.
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Heatmap of Reader Categorical Agreement
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Figure 2 Heatmap of categorical agreement among readers.

Extended+ prediction tool (sensitivity 83%, specificity
84%) had higher performance than the averaged clinician
practicing in an endemic region (sensitivity 82 %, specificity
63%). Using a deterministic prediction method could
present a valuable support tool for clinicians to reduce
inter-observer variability in suspicious nodule management
in locations with endemic histoplasmosis.

In this study, we have demonstrated the transferability
of the previously described pipeline by Uthoff ez 4l. to a
cohort of retrospectively collected clinical CT scans (17).
This study applied machine learning techniques
previously developed and tuned on a large research
cohort with malignant/benign distinction, to the problem
of histoplasmosis/NSCLC distinction. It incorporated
consideration of the impact from surrounding perinodular
region’s signal on this distinction. It further compared
predictive results from the model to observers with
significant experience in distinction of histoplasmosis from
other nodule forming pulmonary diseases. The results
indicate high observer performance (sensitivity 82%,
specificity 63%), however, broad diversity across readers
(range: sensitivity 64-94%, specificity 31-88%). In this
study, we demonstrate the model developed on a small
cohort and utilizing only CT extracted features, could
achieve high predictive performance (AUC-ROC 0.89,
sensitivity 83%, specificity 84%) in line with the average
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observer, with the added benefit of no subjective variability.

To our knowledge, this is the first study to interrogate
quantitative imaging features from histoplasmosis nodules.
In an early publication, Ayers and Huang compared CT-
based features for the differentiation between benign and
malignant lung tumors and included a case study for a
histoplasmosis subject who displayed a pattern similar to
other benign cases (27). Gazzoni er al. recently presented
a review of the radiological presentations of pulmonary
nodular fungal infections describing of centralized or
laminated calcification in histoplasmosis and the presence of
bilateral and mediastinal hilar lymph node enlargement (3).
However, these imaging characteristics may not be present
in all histoplasmosis pulmonary nodules. Rolston ez /.
showed in a 3-year retrospective analysis of subjects referred
to their endemic-region institution for biopsy based on
chest radiography findings found no clinical or radiological
features indicative of infection versus lung cancer (12).

Previously it has been shown that incorporation of the
perinodular signal significantly improves discriminatory
ability on a large cohort of CT scans with less variation in
acquisition protocol (17). In the current study, the inclusion
of the perinodular signal also improved the performance
at a level that approached significance between the Nodule
and Extended/Extended+ tools. In the tool with the highest
AUC-ROC, Extended+, six of the features were selected
from the perinodular region including five texture and
one intensity histogram measure. This investigation which
incorporated various perinodular zones revelated some
insight into feature stability. Several features—Contrast,
Gray-Level Non-Uniformity in Runs, Long Run High
Gray-Level Emphasis—were selected in all four candidate
tools incorporating perinodular features, indicating this
textural signal is beneficial to the classification problem at
multiple zones of the size-standardization amount. Several
features were selected in only the Extended+ tool, including
the perinodular Small Zone High Gray-Level Emphasis and
Full-Width-at-Half-Maximum, indicating the usefulness
of these features at a greater distance away from the lung
nodule.

It is likely that increased performance could be achieved
with this method with CT protocol standardization. For
example, in the retrospective clinical cases used in this
investigation, subjects were not coached to a particular
lung volume and differences in lung inflation likely reduce
signal integrity of the perinodular features extracted (28).
Also, a large proportion (66/71) subjects in this cohort
had iodine contrast-enhanced scans which likely affect the
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Figure 3 Charts display the Youden Threshold (specificity, sensitivity).

values of some measures—particularly intensity histogram
features (29). As slice thickness was much larger in this
cohort (mean =3.30 mm), we adapted the feature extraction
pipeline for two-dimensional textural features extracted
from the slices containing nodule and perinodular region.
It has been previously shown in the classification of lung
cancer brain metastases that three-dimensional textural
features are more descriptive than two-dimensional
features (30). The CT data used here were acquired
between October 2007 and December 2014; with increased
technological advances making their way into the clinical
setting, such as faster-acquisition, low-dose CT (LDCT)
and improved reconstruction algorithms, there will be
improvements over time with the z-plane thickness which
would make three-dimensional features a more powerful
option.

While the observers did differ in their categorical and
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continuous risk scores on a per nodule basis, they did
perform well in distinguishing histoplasmosis to NSCLC
and their categorical risk scores were 100% repeatable on
the intra-reader analysis. The experience level of these
individuals is high in the given task while the machine
learning tool was built only using the looped leave-one-
out training cases (subjects =70, per run) the number
of true histoplasmosis and NSCLC cases the observers
have been trained on is orders of magnitude larger. We
did see potential improvement in observers when using a
simple linear discriminant (Youden threshold of risk score)
implying that it may improve observer (intra) repeatability
and consistency/accuracy to use a continuous risk that
has been tuned to their own level of ‘risk percentage
application’ as opposed to categorical assessment.

This study contained limitations. First, it was a
retrospective study collected from a clinical cohort, leading

Transi Lung Cancer Res 2019;8(6):979-988 | http://dx.doi.org/10.21037/tlcr.2019.12.19



Translational Lung Cancer Research, Vol 8, No 6 December 2019

to diversity in scanning protocols—including contrast
enhancement—and selection biases. Second, the sample
size collected was small (n=71) and due to case-control
matching study design, the clinical proportions of the two
disease states were not maintained. In true clinical practice,
it is unknown the actual rate of pulmonary histoplasmosis
as often patients with pulmonary histoplasmosis nodules
are not symptomatic and likely many are not definitively
diagnosed as histoplasmosis. The histoplasmosis cases in
this study were histopathologically diagnosed, such that
only cases clinically warranting invasive procedure were
included. In practice, clinicians consider multiple factors
in determining if a subject’s nodule is worrisome and if a
subject is a good candidate for more invasive procedures.
In addition, the presentation of data with only a two-class
outcome (histoplasmosis versus NSCLC) does not reflect
clinical practice, in which multiple benign and malignant
categories exist. Interpretation of the Extended+ tool
and human readers performance should acknowledge
the targeted approach of this study and not infer clinical
practice performance from these results. Additionally, the
small cohort size limits both the number of features we
allowed each machine learning tool to implement in ENN
and increases the potential effects of scanning variability
and inter-subject biological variance irrelated to pulmonary
nodule pathology.

Conclusions

In this study, we have demonstrated the potential utility of a
machine learning tool to the challenging task of lung cancer
differentiation from histoplasmosis in clinical-quality, case-
matched scans. We have further compared the developed
tool to four blinded expert readers, demonstrating the
potential value of machine learning, particularly in
the context of inter-reader variability. Further studies
incorporating this machine learning tool in the management
algorithm of prospective cohorts in patients with lung
nodules from endemic areas of histoplasmosis would be
needed to assess its clinical utility.
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