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ABSTRACT Intestinal protozoa are responsible for relatively few infections in the
developed world, but the testing volume is disproportionately high. Manual light mi-
croscopy of stool remains the gold standard but can be insensitive, time-consuming,
and difficult to maintain competency. Artificial intelligence and digital slide scanning
show promise for revolutionizing the clinical parasitology laboratory by augmenting
the detection of parasites and slide interpretation using a convolutional neural
network (CNN) model. The goal of this study was to develop a sensitive model
that could screen out negative trichrome slides, while flagging potential para-
sites for manual confirmation. Conventional protozoa were trained as “classes” in
a deep CNN. Between 1,394 and 23,566 exemplars per class were used for train-
ing, based on specimen availability, from a minimum of 10 unique slides per class.
Scanning was performed using a 40� dry lens objective automated slide scanner.
Data labeling was performed using a proprietary Web interface. Clinical validation of
the model was performed using 10 unique positive slides per class and 125 negative
slides. Accuracy was calculated as slide-level agreement (e.g., parasite present or ab-
sent) with microscopy. Positive agreement was 98.88% (95% confidence interval [CI],
93.76% to 99.98%), and negative agreement was 98.11% (95% CI, 93.35% to 99.77%).
The model showed excellent reproducibility using slides containing multiple classes,
a single class, or no parasites. The limit of detection of the model and scanner using
serially diluted stool was 5-fold more sensitive than manual examinations by multi-
ple parasitologists using 4 unique slide sets. Digital slide scanning and a CNN model
are robust tools for augmenting the conventional detection of intestinal protozoa.

KEYWORDS protozoa, ova and parasite exam, artificial intelligence, machine
learning, digital microscopy, convolutional neural network, parasites, trichrome stain

Intestinal protozoa are responsible for relatively few infections in the developed world
but for which the testing volume is disproportionately high. ‘Manual microscopic

evaluation of stool, the ova-and-parasite (O&P) examination, is still considered the “gold
standard” detection method after nearly a century of use (1). This method suffers from
variable sensitivity (protozoa, operator, and laboratory dependent), is time- and
resource-consuming, and represents one of the true “lost or dying arts” of traditional
microbiology. Maintaining staff competency and engagement are significant chal-
lenges for the clinical parasitology laboratory. The clinical parasitology laboratory
further suffers from two major aspects of workforce-related challenges: first, recently
educated technologists increasingly gravitate toward technology-driven, automated
disciplines of laboratory medicine (e.g., mass spectrometry, next-generation nucleic
acid sequencing, massively multiplexed pathogen detection, and specimen-to-answer
automated testing); and second, there is a lack of adequately trained or available
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personnel (2). Despite nonmicroscopic advancements in the form of antigen or mo-
lecular detection of intestinal protozoa, as well as efforts to streamline fixative/collec-
tion and processing of O&P specimens (3), technological advancements and efforts to
augment O&P detection and interpretation have been seemingly absent in this field.

The traditional O&P examination in many countries consists of a concentrated wet
mount to detect helminth eggs/larvae and protozoan cysts and a permanently stained
trichrome slide for the detection of protozoan cysts and trophozoites. Advancements in
health care, infrastructure, and sanitation over the last century has resulted in fewer
intestinal protozoal infections in the United States. Most cases seen are from immi-
grants or travelers to areas of endemicity. As such, parasite morphologists can spend a
large percentage of their time screening negative specimens (e.g., �95% to 98% of
specimens in our large reference parasitology laboratory), which can result in repetitive
stress injuries, low job satisfaction, and diagnostic errors due to fatigue or inexperience
(4). This discipline is ripe for application of an augmentation process for the microscopic
examination component of the method.

Detection and specification of Plasmodium sp. in blood using digital microscopy has
been investigated by multiple groups to date (5–7); however, there is a dearth of
research dedicated toward application of digital microscopy for intestinal parasites.
Digital microscopic detection of protozoa from a complicated/heterogeneous matrix,
such as stool, represents a significant technical/scientific barrier to overcome compared
with more homogenous and fluidic matrices. Only a few preliminary, proof-of-concept
studies have been reported, which aim to improve the detection of helminth eggs
(8–13) and protozoan cysts (11) in human stool specimens, but none of these have
been applied for routine clinical diagnosis. To date, there have been no significant
technological advancements for the detection of protozoa in human stool specimens
using permanently stained slides (e.g., trichrome, modified acid-fast, and modified
safranin).

It is difficult for traditional computer vision algorithms to detect parasites on
trichrome-stained fecal samples because parasites are embedded in debris from nu-
merous organic shapes from plants, food contents, and other microbiota. The human
process of scanning quickly for organic shapes and then making a separate careful
observation of morphological features (size, shape, and internal and external features)
is simultaneous and best modeled using a deep-learning-based, convolutional neural
network-based (CNN) model. This study aimed to develop a CNN model, paired with
high-resolution digital slide scanning, to detect common intestinal protozoa in human
stool specimens stained with trichrome. The work was segmented into three phases: (i)
collect and digitally scan well-defined trichrome-stained specimens from our reference
parasitology laboratory containing various targeted species and morphological stages
of protozoa (classes), (ii) feed the aggregate digital image data into the CNN-model to
train it to recognize defined classes, and (iii) perform clinical laboratory validation of the
resulting model for use in a licensed diagnostic parasitology laboratory. This resulting
model and clinical laboratory validation serves as an augmentation to the current
manual microscopic method, allowing a streamlined review process for all digitally
evaluated slides.

MATERIALS AND METHODS
Classification of categories for model development. Training classes were identified in an effort

to comprehensively detect necessary targets reported by standard trichrome staining; those classes
included Giardia duodenalis cysts and trophozoites, Entamoeba hartmanni trophozoites, Entamoeba sp.
non-hartmanni (i.e., the “large” Entamoeba sp.) trophozoites, Dientamoeba fragilis, Blastocystis species,
Chilomastix mesnili trophozoites, Endolimax nana/Iodamoeba buetschlii trophozoites, red blood cells
(RBCs), and white blood cells (WBCs). The software was also trained to recognize yeast as an anticlass to
prevent class confusion with other categories. For Entamoeba spp., C. mesnili, E. nana, and I. buetschlii,
the software was only trained on labels that represented the morphologically distinct trophozoites. Cysts
for those organisms were not trained in the model due to a low number of high-quality exemplars and
poor quality of morphology on the trichrome stain. For the non-hartmanni Entamoeba species, the
training was performed using the characteristic nucleus and chromatin dot as the labeled feature.

Specimen collection, preparation, and scanning. One-hundred twenty-seven slides that were
previously reported as positive in the diagnostic laboratory were used for training the software. Each
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category and their numbers of unique specimens (slides) are as follows: G. duodenalis, cyst (n � 23); G.
duodenalis, trophozoite (n � 21); Blastocystis sp. (n � 61); D. fragilis (n � 29); E. hartmanni (n � 10);
Entamoeba spp., non-hartmanni (n � 34; species trained included Escherichia coli, n � 21; Entamoeba
histolytica/Entamoeba dispar, n � 10; Entamoeba polecki; n � 1; Entamoeba sp., [not otherwise specified);
n � 3); C. mesnili (n � 15); E. nana/I. buetschlii (n � 36); RBCs (n � 18); WBCs (n � 31); and yeast (n � 94).
At the time of clinical laboratory validation (see below), each of the classes in training and their numbers
of labels were as follows: G. duodenalis, cyst (n � 6,499); G. duodenalis, trophozoite (n � 2,191); Blasto-
cystis sp. (n � 23,566); D. fragilis (n � 12,764); Entamoeba hartmanni trophozoite (n � 1,394); Entamoeba
sp. non-hartmanni trophozoite (n � 4,307); C. mesnili trophozoite (n � 4,064); E. nana/I. buetschlii, tro-
phozoite (n � 7,914); RBCs (n � 8,482); WBCs (n � 2,099); and yeast (n � 13,450) (Table 1). Slides were
chosen from specimens preserved in a variety of fixatives, including polyvinyl alcohol, sodium acetate-
acetic acid-form (SAF), and several single-vial alcohol-based preservatives.

All slides were coverslipped prior to scanning, either manually using Permount (Fisher Scientific,
Hampton, NH) or by using an automated coverslipper (Tissue-Tek film; Sakura Finetek, Torrance, CA).
Slides were imaged using a Pannoramic 250 Flash III (3DHISTECH, Budapest, Hungary) equipped with
a �40 magnification objective (0.95 numerical aperture) and an optical doubler, resulting in an
�82.4 magnification image with a resolution of 0.1214 �m per pixel. Fields were scanned at three
different layers and the scanner software selected the best focal plane from the Z-stack, and the
scanned fields were stitched together to form the complete scanned image. An acceptable scan was
defined as having approximately 80% of the slide in focus and analyzed by software. An unaccept-
able scan was blurry or if greater than approximately 20% of the slide did not scan. A failed scan did
not scan at all.

Initial classification and labeling. Scanned images were manually reviewed for candidate
organisms that clearly displayed defining features of organisms using Pannoramic Viewer software
(3DHISTECH). The candidate organisms were “labeled” by creating a tight box around the whole
organism and specifying the organism type. The manually labeled organisms constituted the initial
training sets for each class of organism. Manual candidate labeling occurred on known positive slides for
each class. Manual labeling is very labor-intensive and unlikely to find every organism on a given slide.
To eliminate the need for each slide to be manually searched, the trained model was used to classify the
manually labeled slides to search for additional candidate organism labels (known as “find boxes”). Find
boxes allowed the software to search for organisms with similar features to the classes in the initial
training sets, which were then verified by a human expert before being used in future training runs. See
Fig. S1 in the supplemental material for flow chart details of this process.

Initial and new labels were evaluated and supervised by an expert parasitologist (with over 20 years
of clinical parasitology expertise, including 9 years of training and employment at the Centers for Disease
Control and Prevention diagnostic parasitology laboratory) for accuracy and quality, and inaccurate
labels were corrected. Labels on an indiscernible organism (e.g., poor quality, bad focus, or no discernible
features) were labeled “excluded” and not included in the training set. Proposed labels that represented
artifacts (or other objects not trained on) were relabeled as “background” and used as “negative
examples” in future trainings. Incorrect candidate labels on a discernible organism were manually
reclassified to the correct organism. Proposed labels also had their boxes corrected where required to
wholly contain but tightly encompass the organism. The “find new boxes” process was repeated to
increase the number of exemplars per class until find boxes began failing to find new exemplar labels
or a count of 300 to 400 exemplars from any individual slide was reached.

Training a deep CNN. During development, numerous training runs were executed and the
resulting metrics (see “Analysis of model performance on a per-label basis”) used to evaluate progress
(full training iteration flowchart in Fig. 1). The training data set is made of all labels from all classes,
including a number of representative background labels. “Scenes” from the training data set are
generated dynamically every epoch for which augmentation is applied. A randomly arranged
250- by 250-pixel image was cropped to encompass a labeled box. Before beginning the training,
10% of the labels for each class were randomly selected and used as CNN training validation data
to measure progress during and at the conclusion of training. The object detection model archi-

TABLE 1 Total number of unique slides per class, and total number of examples per class
used for training the model

Category (class)
No. of unique
slides per class

No. of examples
per class

Giardia duodenalis cyst 23 6,499
Giardia duodenalis trophozoite 21 2,191
Blastocystis sp. 61 23,566
Dientamoeba fragilis 29 12,764
Entamoeba non-hartmanni trophozoite 34 4,307
Entamoeba hartmanni trophozoite 10 1,394
Chilomastix mesnili trophozoite 15 4,064
Endolimax nana/Iodamoeba buetschlii trophozoite 36 7,914
Red blood cells 18 8,482
White blood cells 31 2,099
Yeast 94 13,450
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tecture is a three color channel CNN based upon SSD Inception v2. The initial model was pretrained
with the COCO image database (https://github.com/tensorflow/models/blob/master/research/ob-
ject_detection/g3doc/detection_model_zoo.md; accessed November 6, 2017). All layers in the model
were trained, including the convolutional layers using the object detection API produced by Google
(https://github.com/tensorflow/models/tree/master/research/object_detection). This API leverages the
TensorFlow library (v1.5.0; https://www.tensorflow.org/) and Keras (v2.2.4; https://keras.io/) for CNN
training and execution.

Labeling was performed using the Techcyte (Techcyte, Inc., Linden, UT) cloud-hosted data storage
and Web interface. For training, mini-batch gradient descent (batch size, 24) with Nesterov momentum
(momentum, 0.9) (14) and cross entropy as the loss function (15) was used. A learning rate of 0.004 was
used at initiation with decay at an exponential rate of 0.5 per epoch, starting from the second epoch.
Each training run was 10 epochs.

Class balancing. The training data were constructed from a set of scanned sample images with
labeled image boxes. This resulted in a variable number of available training images per class. This was
an unavoidable consequence of limited access to specimens containing rare parasites. To force the CNN
to learn all classes, the number of training images per class was normalized so that the images of the
rarer classes were shown extra times as needed (with augmentation) to make each training epoch show
the same number of each class for each epoch (e.g., if there were 3 classes to train with, A � 10,000,
B � 15,000, and C � 8,000 labeled examples and 100,000 backgrounds for each epoch would contain
randomly selected scenes for 15,000 As, 15,000 Bs, and 15,000 Cs by reusing 5,000 As and 7,000 Cs in
different random 250- by 250-pixel cropped scenes from the host image).

During the creation of the training data, a large number of labeled image boxes for background were
created. They were also used during each training epoch to provide “negative training” examples. Rather
than normalizing all positive classes to the much larger number of background classes, class balancing
was used during training with a 3:1 ratio of background to nonbackground exemplars/class examples
(e.g., reusing the above example, normalizing 15,000 positive scenes per class would result in 45,000
background scenes being included in training).

Image processing for model training. Trichrome-stained, coverslipped slides were scanned (as
above) and the images uploaded to the Techcyte cloud. The resulting image was approximately 13.1 mm
by 10.2 mm, resulting in an 108,000- by 84,400-pixel image at �82.4 magnification with 0.1214 �m per
pixel. The trained CNN was shown the sequence of 250- by 250-pixel scenes to look for parasites, for
which it created a labeled image box. The organism may represent 3% to 25% of the pixel area of the
scene for most organisms. Scenes were overlapped (horizontal and vertical) to prevent parasites being
“sliced” at image boundaries and missed. Candidate labels with a confidence score below a cutoff
threshold were rejected and not used. After the entire image was processed, duplicates from scene
overlap were removed, and labeled image boxes were binned by class and sorted by decreasing
confidence for display.

Augmentation. To reduce the number of unique labels required to train the model, random 250-
by 250-pixel crops were used from the source image (all containing the label unsliced). This was done
multiple times per label with different surrounding pixels and every such scene was randomly aug-

FIG 1 Flow chart summary of training iterations for CNN. ML, machine learning; CNN, convolutional neural network.
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mented. This scene was taken from its source image to accurately display the example in its context
environment and present the example as it would be seen during the nominal 250- by 250-pixel sample
processing. The CNN was trained to process 250- by 250-pixel scenes. All of the labeled examples were
smaller (in pixels) than this size.

Analysis of model performance on a per-label basis. Using the trained CNN, the labels were used
to select random 250- by 250-pixel scenes to classify through the model, similar to how the training
scenes were selected in the training data. The correct result was known so the scene could be evaluated
for true positive/negative and detection of the box label with an intersection over union (IOU) ratio of
0.7. Correctly boxing and classifying the label was considered a true positive. A false-negative label was
defined as no proposed box, proposing a box with the wrong class, or a label that could not be classified
above the minimum confidence threshold (0.2). Machine-learning validation also included background
labels for which the correct answer was equal to having no class above the minimum “confidence score”
threshold. Precision-recall (P-R) curves were generated for both overall performance and on a per-class
basis. The algorithm for P-R curves is to take all classified labels, sort by confidence score, and then track
the evolution of machine learning precision (precision-ML) and recall as each classified label is added.
Recall and precision-ML were modeled as both P-R curves and receiver operator characteristic (ROC)
curves for each classification label. Recall was defined as true positive/(true positive � false negative).
Precision-ML was defined as true negative/(true negative � false positive). Note that during classification,
the ROC curve was not scored using every 250- by 250-pixel scene but only scenes known to contain
items of interest (class-containing scenes or background). This means our ROC curves were not artificially
inflated by a super majority of easy true negative scenes.

Clinical laboratory validation. Scan area design. The current laboratory practice of manual
microscopy required a review of a minimum of 100 fields of view (FoV). The area needed to replicate the
lab’s FoV requirements was calculated and the measurements were applied in a scanning profile (3.8 mm
by 10.2 mm). This optimized scanning area was intended to maximize detection of rare organisms, mimic
clinical practices, and achieve a scan time between 4 and 5 minutes (specimen dependent). Progressive
testing of scan areas resulted in altered shape, size, and Z-layer needed to achieve optimal target
detection, scan quality, and time per scan. A titration series of positive slides was used to verify these
performance metrics using the defined scan profile.

Slide (organism) classification algorithm. The algorithm was designed to prevent false negatives
with minimal false-positive labels to increase the overall slide-level sensitivity. Proposed labels were
presented to the operator in order of decreasing confidence, and true positive labels were confirmed.
The resulting procedure was as follows: first, a trichrome-stained slide was scanned and automatically
uploaded for processing; second, the uploaded image was processed as described in “Image processing
for model training”; and third, the user views the labeled image boxes grouped by parasite class. In the
third step, the user noted which parasite classes contained one or more true examples, and if no true
examples were observed, the result was “negative.” If one or more true examples were observed, the
result was “positive for class X.”

Specimen collection and preparation. Ten unique patient slides, previously reported as positive by
standard O&P examination, were scanned and analyzed for each of the following eight categories: (i) G.
duodenalis, (ii) Blastocystis species, (iii) E. hartmanni, (iv) D. fragilis, (v) E. nana/I. buetschlii, (vi) C. mesnili,
(vii) red blood cells and white blood cells (mixed, in 3 to 4� quantity for each), and (viii) mixed protozoa.
Eleven unique patient slides for Entamoeba sp., non-hartmanni were scanned and analyzed. A cumulative
total of 91 positive slides were used to establish accuracy during clinical laboratory validation. None of
these slides were previously used for development or training. Single-organism categories may have also
contained Blastocystis sp., as it is often found in the presence of other protozoa and finding unique
single-organism infections can be very difficult. The “mixed protozoa” category was designated specif-
ically for specimens that (i) contained two species, neither of which were Blastocystis, or (ii) contained
three or more species, one of which could be Blastocystis. One-hundred twenty-five slides previously
reported as negative by technologists in the clinical laboratory were also scanned and analyzed. All slides
were coverslipped prior to scanning. Specimens were previously fixed in a variety of fixatives regularly
received in our reference laboratory.

Slide-level accuracy. Slides were loaded into the scanner randomly and not organized by organism
category to ensure that image analysis was performed in an unbiased manner. Analysis was performed
using slide-level agreement (positive or negative for a parasite) as an accuracy metric. A true positive was
defined as a slide containing parasites that the software detected. A true negative was defined as a slide
that did not contain parasites and for which the model generated no labels or few labels that did not
trigger a manual examination of the slide by a trained technologist. A false positive was defined as a slide
that did not contain parasites but for which the model detected putative parasites that subsequently
required manual review of the slides to refute. A false negative was defined as a slide that contained a
parasite, but the parasite was not detected by the model.

Limit of detection. To test the limit of detection (LOD), a pooled stool specimen containing Giardia
duodenalis and Blastocystis sp. was serially diluted in Alcorfix (Apacor, Wokingham, UK) mixed with
human stool that was previously tested as negative for parasites by O&P. Four unique dilution series were
prepared from the single pooled specimen. Two slides sets from each dilution series were prepared,
namely one for scanning and one for manual microscopy. The series of 10 dilutions was divided between
two O&P runs to disperse the positive specimens across multiple negative specimens in an attempt to
avoid bias or suspicion.
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RESULTS
Evaluation of model performance on a per-labeled image box basis.
Precision-recall plots. Due to the highly imbalanced nature of the data, we used

the precision-recall plot to visualize model performance (16). The plot as shown in Fig.
2 is the P-R plot for all classes combined with the final model. This shows the
incremental contribution of each new labeled image box from a confidence score-
sorted list of labels found and classified by the newly trained model compared against
the known ground truth labels of the machine learning validation data. “AP” is the
average precision-ML up to the 0.05 confidence score cutoff. An example of construct-
ing the P-R plot is provided in the supplemental material (see precision-recall plot
construction).

The total recall achieved was approximately 92%, but this required accepting
confidence scores down to 0.05, where the precision-ML was as low as �65%. Applying
a 0.4 confidence score cutoff (see below) yielded a recall of �83% and precision-ML of
�78% (e.g., 3 of 4 labels selected are likely to be true). Over 60% of true positives (TPs)
were detected before the confidence score fell below 0.8, while the FP did not increase
above �14%.

Confidence score cutoff selection and confidence class chart. As stated in
“Scan/image processing,” the candidate-labeled image boxes found during CNN pro-
cessing of the image included a confidence score. As the confidence score decreased,
the CNN indicated a weaker match to the class selection of the candidate label, but the
closest label would be given even if its score approached zero. Thus, as the confidence
score decreased, the likelihood of the candidate label being a false positive increased.
For this reason, the use of a confidence score cutoff was desirable to minimize the
number of false-positive labels shown to the user without setting the confidence cutoff
so high that significant sensitivity was lost. It is important to note that the interdepen-
dence of sensitivity and recall is impossible to avoid: maximum sensitivity cannot be
maintained without bringing in large numbers of false positives that negatively impact
precision-ML.

To visualize this effect, a confidence class chart (CCC) was generated with each
training, as part of our standard metrics. The CCC was used as an alternative visualiza-
tion of the precision-recall trade-off. Figure 3 shows the CCC for the final epoch of our
trained model before clinical laboratory validation was performed. This chart shows, by

FIG 2 Global precision-recall curve for all classes combined from the CNN model. The yellow line shows
the associated confidence score as each new label (both true positive and false positive) is added. The
confidence score line is plotted on the same axis (the yellow line on the plots) as precision-ML to
understand the evolution of recall with confidence. Image generated using Python Pillow library
(https://python-pillow.org/).
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parasite class, the number of true positives (TPs), false positives (FPs), and false
negatives (FNs) for each class of parasite at increasing confidence score cutoffs. Low
confidence cutoff yielded maximum TPs (green), but high FPs (red), and minimized FNs
(orange), resulting in maximum recall but a low precision-ML. High-confidence cutoff
yielded lower TPs (green), minimized FPs (red), and higher FNs (orange), resulting in low
recall but high precision-ML. A confidence cutoff of 0.4 was determined to be an
acceptable balance of good recall with reasonable precision-ML. This metric was
combined with confidence score sorting which strongly biases TPs toward the front of
the sequence of images shown to the user. This aggregate performance allowed for
predictable success in clinical laboratory validation of the model.

FIG 3 The CCC chart shows by parasite class, the number of true positives (TPs), false positives (FPs), and
false negatives (FNs) for each class of parasite at increasing confidence score cutoffs. Green indicates TPs
(goal: maximize), orange indicates FNs (goal: minimize), and red indicates FPs (goal: minimize). The image
was generated using Python Pillow library (https://python-pillow.org/).
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Slide-level accuracy. Of the 91 slides previously reported as positive for at least one
parasite that were scanned and analyzed, 87 (95.6%) had an acceptable scan. Of these
87 slides, 86 were deemed positive after manual analysis of labeled images for a
suspect parasite, multiple parasites, or reportable levels of WBCs and RBCs. The
resulting slide-level agreement for positive specimens was 98.88% (95% confidence
interval [CI], 93.76% to 99.98%). The one slide reported as negative was manually
examined by microscopy, and the target organism (Endolimax nana) was detected. Of
the four slides (4.4%) that had unacceptable scans, three were still unacceptable upon
rescan, but the fourth had a successful rescan that yielded agreement with the
expected result (1� Blastocystis sp.) (Table 2).

Of the 125 slides previously reported as negative for parasites that were scanned
and analyzed, 106 (84.8%) had a successful scan and were analyzed by the model. Of
the 125 negative slides, 10 slides (8.0%) failed to scan due to slides containing very little
biomass with which to execute initial focus and 9 (7.2%) were reported as unacceptable
due to the scans being blurry or having incomplete image analysis. Of these latter nine
slides, eight remained unacceptable or failed upon rescan and the ninth had a
substantial air bubble in the scan area and could not be reliably scanned. The most
common cause of unacceptable and failed scans was an insufficient amount of fecal
material on the slides, which was commonly seen with watery diarrheal specimens. Of
the 106 acceptable scans, 104 were deemed negative after analysis by the model and
subsequent manual image evaluation, for a 98.11% (95% CI, 93.35% to 99.77%)
slide-level negative agreement. The two slides that were flagged by the model as
containing putative protozoa were manually examined by microscopy, and both slides
were confirmed as negative.

Precision-CM analysis. Clinical microbiology precision (precision-CM) studies were
performed using the following slides: (i) a slide containing G. duodenalis, E. nana, and
1� Blastocystis; (ii) a slide containing 1� Blastocystis; and (iii) a negative slide. For the
within-run precision studies, all three slides were scanned and analyzed by the model
three times on the same day. The model identified the specimens as expected at the
slide level. For the between-run precision-CM studies, all three slides were scanned and
analyzed by the model once on three different days. The model identified the speci-
mens as expected at the slide level.

Limit of detection. Neat stool and dilutions were tested for 1:1, 1:2, 1:4, 1:8, 1:16,
1:32, 1:64, 1:128, and 1:256. The dilution series were incorporated into the normal O&P
workflow and read in a blind manner by technologists with standard O&P processes.
For the four series analyzed by the technologists, parasites were not detected below
the 1:8 dilution. In all four series, the software detected at least one of the two species
at the final 1:256 dilution (Table 3).

DISCUSSION

O&P examinations remain the “go-to” test for protozoal diagnostics in clinical
microbiology laboratories despite other readily available (often more sensitive) diag-
nostic modalities that do not rely on manual microscopy and highly trained morphol-
ogists. One limitation of these aforementioned diagnostic modalities is that they are
often targeted to only detect one to four pathogenic protozoa. The O&P has historically

TABLE 2 Contingency table and slide-level agreement calculations comparing the CNN
model to the gold-standard O&P examination for 87 true-positive specimens and 106
true-negative specimensa

CNN model
analysis result

O&P examination result (n)

Positive Negative

Positive 86 2
Negative 1 104
aPositive percent agreement, 98.88% (95% CI, 93.76% to 99.98%); negative percent agreement, 98.11% (95%
CI 93.35% to 99.77%).
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been viewed as a wider net for which a larger assortment of protozoa may be detected
and identified (in spite of many of those protozoa being nonpathogenic). Nonetheless,
physician demand for this testing drives a need for further test volume capacity in the
clinical laboratory; it may be difficult to sustain and maintain quality and turnaround
time in high-volume settings, such as a tertiary care facility or national reference
laboratory. The major barrier to growing volume capacity for this testing is the lack of
trained personnel and the limitation of how many specimens those trained individuals
can accurately evaluate in a given work day without suffering ergonomic and emo-
tional stress as well as poor job satisfaction. Gains in O&P specimen processing
efficiency have been realized in some laboratories (3); however, no advancements in
the detection step of the O&P have been realized, rending the process as time-
consuming and difficult as it was 50� years ago. Two aspects that consume the most
time for O&P evaluation include the time required to search for putative parasites in a
smear before determining that a specimen is truly negative and the time required to
detect multiple examples of a suspected parasite when specimens contain low parasite
burden. Automated digital scanning of microscope slides and deep machine learning
have the potential to augment these processes by providing comprehensive detection
of parasites in stool and presenting the findings to a technologist in a user-friendly,
condensed pictorial interface. In other words, the manual process of locating suspicious
structures in a stained slide can be simplified by artificial intelligence (AI), allowing the
technologists to interpret high-resolution images of parasites quickly and comprehen-
sively (Fig. 4).

Standard machine learning metrics (as provided with the ML software used) are
challenging to directly apply to this application, as the images being processed are very
sparsely populated with true parasites. Consider the following example: a 32,000-pixel
by 80,000-pixel scan with 10 parasites. With 50% overlap, the scan will require
�164,000 250- by 250-pixel scenes to process. With 10 parasites on the slide, if we
choose to give credit in the metrics for correctly calling “no parasite found” a true
background, then 163,990 of 164,000 would be “correct” even if all the model did was
report background for every scene. As a result, the data would generate a near-perfect
ROC and P-R plot while revealing very little useful information about performance
characteristics of the model. Thus, in our posttraining performance evaluation metrics
there was no credit (true positive) given for correctly labeling a scene as background
(empty). The CCC was a more informative measure of our model’s ability to rule out
protozoa with confidence while minimizing false positives.

The primary performance metric of clinical laboratory validation was slide-level
accuracy (as defined in Methods and Materials). Operationally, the specimens that were
flagged as containing parasites were then queued for a manual microscopic confirma-
tion, resulting in final identification by a trained parasitologist. Negative specimens that
were not flagged for any putative parasites and could, thus, be quickly reviewed in the
user interface and evaluated via the digital images. Occasionally, the model may have
falsely identified suspicious objects with features similar to the established protozoal
classes, but for which a manual review of the slide could quickly determine were truly
negative.

These study data revealed that digital imaging using the 3DHISTECH Pannoramic
250 automated slide scanner when paired with the proprietary AI from Techcyte
allowed for excellent slide-level agreement (98.88% [95% CI, 93.76% to 99.98%] positive
agreement and 98.11% [95% CI, 93.35% to 99.77%] negative agreement) and
precision-CM compared with manual microscopy. The model identified probable par-
asites in two slides that previously were reported as “negative for parasites” by
standard-of-care microscopy. Manual examination of these discrepant specimens con-
firmed the original result by microscopy. Only a single previously identified positive
specimen failed to be detected by the model. The specimen contained rare E. nana.
Based on the data generated in the LOD studies, the model should identify low-parasite
burden specimens more frequently than a manual interrogation. In these studies, the
model was at least 5 serial dilutions more sensitive (analytically) for the detection of G.
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duodenalis and Blastocystis sp. than was a standard-of-care human-evaluated O&P. In
one instance, the technologist failed to identify any protozoa in the neat specimen or
LOD dilutions, which is likely attributable to having less than 1 month of practical
experience. This phenomenon is likely also relevant to laboratories with low O&P
volume and low prevalence of positives, where staff may have difficulty gaining and
maintaining competence. These aggregate performance characteristics allow for con-

FIG 4 Representative examples of each unique class detected by the model and presented in the Techcyte software for
analysis. (A) Giardia duodenalis, cyst. (B) Giardia duodenalis, trophozoite. (C) Blastocystis sp., cyst-like form. (D) Blastocystis sp.,
vacuolar form. (E) Blastocystis sp., dividing forms. (F) Entamoeba sp., non-hartmanni, trophozoite. (G) Entamoeba hartmanni,
trophozoite. (H) Dientamoeba fragilis. (I) Endolimax nana, trophozoite. (J) Chilomastix mesnili, trophozoite. (K) White blood cells.
(L) Red blood cells.
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fident integration of the model and scanner into routine clinical care for augmented
O&P workflow purposes. Adoption of this tool should provide equal or greater diag-
nostic yield than that of a human performing microscopic examinations, while also
providing a user-friendly process for specimen evaluation.

The model can be integrated into an existing clinical parasitology laboratory in an effort
to rapidly screen out negative specimens with high confidence. Images of putative para-
sites in a truly negative slide may occasionally be presented to the technologist in the
digital interface, but true negative specimens typically only contain a few images that
require evaluation. If the images appear false, the technologist can document that the slide
is negative and proceed to the next specimen. If the images are suspicious, the slide can be
manually examined to confirm or deny the findings of the model. When images are
captured from a scan that represent true parasites, the technologist will manually confirm
and report accordingly. In this sense, the software is augmenting the standard process,
while not determining the ultimate identification. In total, an individual slide requires 4 to
5 minutes of scan time and 0.5 to 3 minutes of technologist evaluation time. While class
confusion (e.g., detecting Giardia sp. that is actually Dientamoeba sp.) may decrease as the
model improves, early integration in clinical care (considering the low positivity) should still
warrant a manual evaluation for suspicious slides. One important point to consider is that
the model could be affected by multiple variables in slide preparation and imaging. The
specific model could perform differently in another laboratory setting due to differences in
the trichrome stain reagents, smearing technique, and scanner used for data acquisition. In
this regard, the model itself is not necessarily “plug-and-play” and would require standard-
ization of preanalytical processes.

This study has several limitations. First, due to the relative scarcity of specimens that
contained certain classes, a true hold-out set for evaluation and accuracy of the CNN
model, prior to clinical laboratory validation was not employed. This was intentionally
designed in an attempt to propagate the model with a greater diversity of class
exemplars from multiple unique patient slides, rather than propagating with more
exemplars from fewer unique patient slides at the expense of maintaining a unique
holdout set. This was an important concession, as training with a greater diversity of
exemplars should result in a more robust model in terms of the comprehensive
detection of morphologically variable protozoa within a single class. In order to validate
the CNN model for clinical laboratory use, an additional set of slides was also required,
which the model cannot have previously analyzed. This further constrained the number
of unique/rare positive specimens available for holdout testing. Second, we employed
an unconventional approach to determine positive and negative agreement by con-
sidering the model as part of an AI-augmented O&P rather than a standalone assay. If
traditional performance characteristics for agreement were calculated, they would
grossly misrepresent the utility of the augmentation (see supplemental methods and
Table S1).

Areas of ongoing research in this immediate application of the AI technology
include training the existing model to identify the current classes with better organism-
level accuracy to improve the ease of manual interpretation of the labeled organisms.
Excellent class-level (e.g., organism-level) accuracy should be possible with a much
larger and diverse subset of training slides. Due to the rarity of these organisms, a
collection of additional slides will occur prospectively over time in order to enrich the
data set and refine the model. Additionally, new classes, such as Cyclospora, Pen-
tatrichomonas, and Enteromonas, will be trained on the trichrome stain model in an
effort to improve the use of this method as an augmentation of the manual examina-
tion. Modified acid-fast stains are also an area of investigation that can complement this
model by allowing the rapid detection of Cyclospora sp. and Cryptosporidium sp.
Work-flow analysis studies are also underway to quantitatively evaluate the impact of
adopting this AI in a high-volume parasitology laboratory.

This work adds to the already growing literature showing the value of AI in different
fields of medicine, such as oncology, radiology, and most recently for areas of bacte-
riology related to gram stains and antibiotic resistance in phenotypic growth assays
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(17–21). To our knowledge, this is the first description of a CNN used to augment the
detection of protozoa in human clinical O&P specimens stained with trichrome. This
augmentation provides slide-level accuracy equal to a human evaluation, with superior
analytical sensitivity.

SUPPLEMENTAL MATERIAL
Supplemental material is available online only.
SUPPLEMENTAL FILE 1, PDF file, 0.6 MB.
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