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Methods and Systems for Providing Diagnosis Assistance Using Similarity

Search Bi-Directional Communications to Resolve Indeterminate Diagnoses

CROSS REFERENCE TO RELATED APPLICATION

[0001] The present disclosure claims priority to U.S. provisional application number
63/435,944, filed on December 29, 2022, the entire contents of which are herein incorporated by

reference.

FIELD

[0002] The present disclosure relates generally to methods and systems for providing
diagnosis assistance, and more particularly to executing machine-learning logic to determine a
similarity between initial input data and diagnostic test result data stored in a database to generate

an inquiry to solicit additional information useful to resolve an undetermined outlier.

BACKGROUND

[0003] A challenge scientists and engineers face when developing new diagnostic
instrumentation or improving existing devices is outlier analysis, such as when results do not fall
within expected or known outcomes. Identifying, qualifying, determining root causes, and
implementing solutions to unexpected outcomes can be difficult.

[0004] In some instances, unexpected outcomes are due to unknown clinical issues. In
other instances, unexpected outcomes can also be due to external factors causing a phenomenon

with the instrumentation (either environmental or biological) of which indicators for these external
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factors would not exist in collected telemetry or results data. It can often be an arduous and
expensive project to determine a cause of such problems in a research lab.

[0005] An additional difficulty of outlier analysis occurs when attempting to develop
supporting logic for conditions that occur with low frequency. For example, low frequency
conditions can come from interfering compounds or from diseases that are rare, but identification
of such conditions are important for a successful diagnosis. Many approaches look to simply flag

results as suspect when these conditions occur, which requires follow-up investigation.
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SUMMARY

[0006] In an example, a computer-implemented method for providing diagnosis
assistance is described. The method comprises receiving, at a server and from a remote computing
device, initial data associated with a diagnostic test result of a subject and the initial data
comprising one or more undetermined outliers, and selecting, by the server and from among a
plurality of machine-learning logic, a machine-learning logic for execution based on a type of the
diagnostic test result. The method also comprises determining, by the server executing the
machine-learning logic and based on the initial data, a similarity between the initial data and
diagnostic test result data stored in a database. The machine-learning logic is trained using
diagnostic training data including test results and imaging labeled as known outliers. The method
also comprises based on the similarity between the initial data and the diagnostic test result data
being within a similarity threshold, providing an inquiry for display at the remote computing
device to solicit additional information useful to resolve the one or more undetermined outliers,
receiving input data from the remote computing device in response to the inquiry, and storing the

input data in the database.

[0007] In another example, a server is described comprising one or more processors and
non-transitory computer readable medium having stored therein instructions that when executed
by the one or more processors, causes the server to perform functions. The functions comprise
receiving, from a remote computing device, initial data associated with a diagnostic test result of
a subject and the initial data comprising one or more undetermined outliers, and selecting, from
among a plurality of machine-learning logic, a machine-learning logic for execution based on a
type of the diagnostic test result. The functions also comprise determining, by executing the

machine-learning logic and based on the initial data, a similarity between the initial data and
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diagnostic test result data stored in a database. The machine-learning logic is trained using
diagnostic training data including test results and imaging labeled as known outliers. The functions
also comprise based on the similarity between the initial data and the diagnostic test result data
being within a similarity threshold, providing an inquiry for display at the remote computing
device to solicit additional information useful to resolve the one or more undetermined outliers,
receiving input data from the remote computing device in response to the inquiry, and storing the

input data in the database.

[0008] In another example, a non-transitory computer readable medium is described
having stored thereon instructions, that when executed by one or more processors of a computing
device, cause the computing device to perform functions. The functions comprise receiving, from
a remote computing device, initial data associated with a diagnostic test result of a subject and the
initial data comprising one or more undetermined outliers, and selecting, from among a plurality
of machine-learning logic, a machine-learning logic for execution based on a type of the diagnostic
test result. The functions also comprise determining, by executing the machine-learning logic and
based on the initial data, a similarity between the initial data and diagnostic test result data stored
in a database. The machine-learning logic is trained using diagnostic training data including test
results and imaging labeled as known outliers. The functions also comprise based on the similarity
between the initial data and the diagnostic test result data being within a similarity threshold,
providing an inquiry for display at the remote computing device to solicit additional information
useful to resolve the one or more undetermined outliers, receiving input data from the remote

computing device in response to the inquiry, and storing the input data in the database.
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[0009] The features, functions, and advantages that have been discussed can be achieved
independently in various examples or may be combined in yet other examples. Further details of

the examples can be seen with reference to the following description and drawings.
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BRIEF DESCRIPTION OF THE FIGURES

[0010] The novel features believed characteristic of the illustrative examples are set forth
in the appended claims. The illustrative examples, however, as well as a preferred mode of use,
further objectives and descriptions thereof, will best be understood by reference to the following
detailed description of an illustrative example of the present disclosure when read in conjunction

with the accompanying drawings, wherein:

[0011] Figure 1 illustrates an example of a system, according to an example

implementation.

[0012] Figure 2 illustrates an example of a server of the system of Figure 1, according to

an example implementation.

[0013] Figure 3 is a block diagram illustrating an example workflow for creating and
training a similarity search models used for the machine-learning logic of the system of Figure 1,

according to an example implementation.

[0014] Figure 4 is a block diagram illustrating an example workflow for interrogation of
the similarity search model for the purposes of exploring available data and generating associated

queries using the system of Figure 1, according to an example implementation.

[0015] Figure 5 is a block diagram illustrating an example workflow for providing

diagnosis assistance using the system of Figure 1, according to an example implementation.

[0016] Figure 6 is another example workflow for providing diagnosis assistance using

the system of Figure 1, according to an example implementation.

[0017] Figure 7 shows a flowchart of an example of a method 200 for providing

diagnostic assistance using the system of Figure 1, according to an example implementation.
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DETAILED DESCRIPTION

[0018] Disclosed examples will now be described more fully hereinafter with reference
to the accompanying drawings. Indeed, several different examples may be described and should
not be construed as limited to the examples set forth herein. Rather, these examples are described
so that this disclosure will be thorough and complete and will fully convey the scope of the

disclosure to those skilled in the art.

[0019] An example workflow of a scientist, engineer, or other researcher in research and
development when evaluating opportunities to improve diagnostics, instruments, and other
products is manual and arduous. The researcher manually reviews diagnostic results from
instrumentation in a massive database looking for potential issues, and generally finds results that
contained errors. For such erroneous results, additional data about the run on the instrument (e.g.,
sensor data, user inputs, calibration state) is reviewed to find a cause of the issue. To fully solve a
problem, the scientist/engineer requires a meaningful distribution of situations in which a same
anomaly occurs so that a solution may be robust and impactful. This process requires manual
review and repeated erroneous results to be received, which adds considerable amounts of time to
the feedback loop of the improvement process. For a case of diagnostics innovation, it is common
to start an extensive sample collection effort so that gold standard approaches can be paired with
field-collected data. This type of assessment can take years depending on sample frequency and

development time.

[0020] Once a problem is identified and relevant data collected, the cause may not be
clear. Causes of the issue can be related to a particular geographic region have shifting metrics due
water or food supply, an unexpected illness, or even a misplaced cordless phone or radio affecting

instrumentation operation. Determination of which, if any, of these causes requires a large amount
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of time for generation of hypotheses, design of experiments, and data collection. Recreating a

problem in isolation so that a root cause is identifiable can take years and may never be completed.

[0021] Within examples described herein, technical solutions are provided to assist with
outlier analysis and correction. Output results of diagnostic instrumentation are analyzed, and
when an outlier is identified, queries are generated and provided to a point of care provider to
solicit information useful to resolve outliers with an undetermined cause. To generate the queries,
the output results are compared to a population of samples (e.g., with known rare conditions) in a
similarity search. The comparison is performed by executing machine learning logic to determine
a similarity between the output results and diagnostic test result data stored in a database previously
identified as a known outlier and a corresponding possibility for the outlier. The database further
includes associated information tagged per each operation of any individual instrument that
generated the output result. Thus, the queries are generated in substantially real-time or during a
point of care treatment so that the point of care provider may collect additional data about the

patient, environment, or testing instrumentation to resolve the undetermined outlier.

[0022] Systems are described including product research scientist tools (such as an
interface for exploration and definition of specific data for customer questioning), product data
science tools (such as algorithms for determining similarity on a myriad of data formats), product
research and data science database (such as a catalog for storing interesting targets, similarity
thresholds, similarity algorithm needed for that data, and questions to be prompted to the end user),
and a customer facing interface (additions to customer facing applications facilitating the similarity

database search, question prompting, and storage of the answers).

[0023] Methods and systems described herein facilitate rapid iterative improvements on

projects by collecting supplemental information required to narrow root causes of anomalous or
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rare condition data. The root causes may not manifest in normally collected logging and diagnostic
information within a fielded system, but could be identifiable with limited runs of targeted
questioning. One example benefit of the system is that the system provides a direct line of
communication between scientists and engineers working to improve products and customers
using the products. Additionally, as prototype algorithms are developed, the algorithms are
included with the similarity tool to identify additional cases as well as to provide real-time

validation of the logic.

[0024] Thus, systems and methods described herein consider that some diagnostic test
results may be inconclusive. As such, implementations of the disclosure are provided for matching
current inconclusive test results with known inconclusive test results to then determine associated
questions to present to the user, which when answered, enable a higher probability of resolving

undetermined outliers.

[0025] Implementations of this disclosure thus provide technological improvements that
are particular to computer technology, for example, those concerning similarity matching of
undetermined outliers. Computer-specific technological problems, such as executing machine-
learning logic in beneficial ways, can be wholly or partially solved by implementations of this
disclosure. For example, implementation of this disclosure allows for current diagnostic test results
to be matched to labeled diagnostic test results using a machine-learning logic to better understand

the current results in view of prior similar inconclusive results.

[0026] The systems and methods of the present disclosure further address problems
particular to computer devices and operation of diagnostic instruments, for example, those
concerning analysis of diagnostic data. Utilizing machine-learning algorithms, trained on manually

labeled diagnostic data, enables a more immediate and normalized analysis of the data. Thus,
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analysis of the diagnostic data can occur in a manner that is efficient and takes into account all
patients’ needs. Implementations of this disclosure can thus introduce new and efficient
improvements in the ways in which data output from diagnostic instruments is analyzed to
determine whether an inconclusive result is due to erroneous operation of the instrument or due to

a rare unknown health condition of the subject.

[0027] Referring now to the figures, Figure 1 illustrates an example of a system 100,
according to an example implementation. The system 100 includes a server 102 accessible through
a network 104 by multiple different computer systems. One set of the computer systems includes
a remote computing device 106 residing at a veterinary clinic 108. In embodiments, a diagnostic
testing instrument 110 is coupled to the remote computing device, the diagnostic testing instrument
110 operable to perform diagnostic testing of veterinary patients, for example. The diagnostic
testing instrument 110 outputs diagnostic test results to the remote computing device 106 for
analysis. While one veterinary clinic 108 is depicted in Figure 1, it should be understood that this
is merely an example, and systems according to the present disclosure can include any suitable
number of veterinary clinics and associated computer systems, such as a second veterinary clinic
112 that includes the same or similar components as the veterinary clinic 108. As referred to herein,
the term “veterinary clinics” includes any entity at which non-human animals receive medical care,
and can include brick and mortar locations, mobile clinics, on-line virtual clinics, pop-up clinics,

and the like.

[0028] In addition, while the example depicted in Figure 1 includes one diagnostic
testing instrument 110, it should be understood that this is merely an example, and embodiments
according to the present disclosure can include any suitable number of diagnostic testing

instruments associated with the veterinary clinic 108. Examples of the diagnostic testing

10
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instrument 110 include any one or combination of veterinary analyzers operable to conduct a
diagnostic test of a sample of a patient (e.g., operable to determine hemoglobin amounts in a blood
sample, operable to analyze a urine sample, and/or the like). Such veterinary analyzers include, for
example and without limitation, a clinical chemistry analyzer, a hematology analyzer, a
microscopic analyzer, a urine analyzer, an immunoassay reader, a sediment analyzer, a blood
analyzer, a digital radiology machine, and/or the like. In one example, the remote computing
device 106 isin communication with a veterinary analyzer of the diagnostic testing instrument 110
and is operable to receive diagnostic information from veterinary analyzer. The diagnostic testing
instrument 110 outputs signals, such as signals indicative of diagnostic test results or other

information, to the remote computing device 106.

[0029] In the system 100, the network 104 (e.g., Internet) provides access to the server
102 for all network-connected components. In some examples, more components of the system
100 may be in communication with the network 104 to access the server 102. Communication with
the server 102 and/or with the network 104 may be wired or wireless communication (e.g., some
components may be in wired Ethernet communication and others may use Wi-Fi communication).
In still further examples, the network 104 provides access for the server 102 to communicate with

the remote computing device 106 directly as well.

[0030] The system 100 enables a method for providing diagnosis assistance in instances
in which diagnostic test results from the diagnostic testing instrument 110 include one or more
undetermined outlier, for example. The term “undetermined outlier” as used herein refers to
unexpected data falling outside of a configurable threshold, as described in greater detail herein.
The presence of undetermined outliers in data from the diagnostic testing instrument 110 can be

determined by the diagnostic testing instrument 110, the remote computing device 106, the server

11
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102, or any suitable computing device communicatively coupled to the diagnostic testing
instrument. The server 102 receives initial data associated with a diagnostic test result of a subject
from the remote computing device 106 over the network 104. Within examples, the subject is a
non-human patient, and the initial data includes flow cytometry data from an analyzer machine,
urinalysis test result data, hematological data, or data related to other body fluids, fine needle
aspirates, and/or lavages. More generally, the initial data includes outputs from any and all
diagnostic testing instruments used to analyze samples collected from the subject. In some
examples, the initial data further includes data associated with the subject such as a species, a
breed, an age, a gender, and a weight, medical notes associated with a physical examination, a
medical history record of the subject, and other information gained from the subject or pet owner

at the time of examination.

[0031] The remote computing device 106 includes a graphical user interface (GUI) 114
for display, which is operable to receive input data to send to the server (e.g., data associated with
the subject such as breed, age, etc., noted above). The GUI 114 is thus operable to receive inputs
from the remote computing device 106, and to provide an updated display including inquiries

received from the server 102.

[0032] In operation, the server 102 receives the initial data from the remote computing
device 106, and the initial data including the diagnostic test result of the subject includes one or
more undetermined outliers. The server 102 processes the data to determine prior similar test
results and possible routes to take to arrive at a potential explanation for the one or more
undetermined outliers. To do so, the server 102 selects from among a plurality of machine-learning
logic, a machine-learning logic for execution based on a type of the diagnostic test result and then

executes the selected machine-learning logic to determine a similarity between the initial data and

12
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diagnostic test result data stored in a database 116. Based on the similarity between the initial data
and the diagnostic test result data being within a similarity threshold, the server 102 provides an
inquiry for display at the remote computing device 106 (e.g., on the GUI 114) to solicit additional
information useful to resolve the undetermined outlier. Accordingly, a veterinarian can obtain
additional data to answer the inquiry at a time of point of care with the subject and input the
additional data into the remote computing device 106. Subsequently, the server 102 will receive
the input data from the remote computing device 106 in response to the inquiry, and store the input
data in the database 116. In some examples, the answers to the inquiries include enough salient
information for the server 102 to resolve the undetermined outlier, and the server 102 returns to

the remote computing device 106 an accurate diagnosis of the diagnostic test result.

[0033] The system 100 includes an inquiry database 118 to which the server 102 is in
communication for retrieving a corresponding inquiry, on the basis of the similarity match, to send
to the remote computing device 106. In one example, the inquiry database 118 includes inquiries
categorized per a type of diagnostic test result data and prioritized or ranked in a manner related
to the similarity match. In one example, the inquiry database 118 includes inquiries that are paired
with associated labels used to label diagnostic test result data in the similarity search database 116,
such that once a match to a labeled diagnostic test result data is found, the label is used to retrieve

corresponding inquiries to send to the remote computing device 106.

[0034] As a specific example, the diagnostic test result data is an output from a
hematology analyzer including a dot plot used to classify cells in predictable manners. Processing
of the output by the remote computing device 106 results in undetermined outliers, possibly due
to the diagnostic test result data including uncommon results (e.g., unexpected cell size

distribution, unexpected cell complexity distribution, or the like). Thus, the remote computing

13



WO 2024/145285 PCT/US2023/085911

device 106 is programmed, on the basis of generating the undetermined outlier, one or more
outliers, to send the diagnostic test results (as well as any and all information about the subject that
has been entered into the GUI 114) to the server 102 for analysis. The server 102 executes a
selected machine learning logic (trained on the basis of outputs of a hematology analyzer) to
analyze the diagnostic test result data using the similarity search database 116. The server 102 is
thus programmed with situations resulting in unknown/undetermined outliers, and pairs the
situations with inquiries for further data collection. As a result, when the diagnostic test result data
matches (to a sufficient similarity threshold) pre-programmed situations, the server 102 retrieves
paired questions for the situations and sends the questions to the remote computing device 106 as
an inquiry. In this example, the analysis of the diagnostic test result data is an unknown, but
empirical studies in the past indicate a number of possible outcomes and more information is
needed to rule out certain outcomes. The inquiries are provided to the remote computing device
106 to cause the veterinarian to prompt the pet owner with questions at a point of diagnostic care
(e.g., when the subject is still at the veterinary clinic 108) so that necessary information can be
obtained enabling a higher probability of determining an origin of the undetermined outlier or

outliers.

[0035] As another specific example, the diagnostic test result data is an output from a
urinalysis system. Processing of the output by the remote computing device 106 results in an
undetermined outlier, possibly due to the diagnostic test result data including uncommon results
(e.g., unidentified objects/sediment in the urine or the like). Thus, the remote computing device
106 is programmed, on the basis of generating the undetermined outlier, to send the diagnostic test
results (as well as any and all information about the subject that has been entered into the GUI

114) to the server 102 for analysis. The server 102 executes a selected machine learning logic

14
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(trained on the basis of outputs of a urinalysis system) to analyze the diagnostic test result data
using the similarity search database 116. The server 102 is thus programmed with situations
resulting in unknown/undetermined outliers, and pairs the situations with inquiries for further data
collection. As a result, when the diagnostic test result data matches (to a sufficient similarity
threshold) pre-programmed situations, the server 102 retrieves paired questions for the situations
and sends the questions to the remote computing device 106 as an inquiry. For a urinalysis sample
collection, there are many ways of collecting the sample, and how the sample is collected can
cause a different diagnostic test result (e.g., a free catch sample collection technique may result in
some bacteria contamination or a sample collection from a catheter can result in contamination
from other bacteria). Thus, the inquiries provided to the remote computing device 106 will prompt
answers to enable resolution of an undetermined outlier. Depending on the response to the inquiry,

a diagnosis for consideration of a urinary tract infection (UTI) can be ruled out, for example.

[0036] As yet another example, the diagnostic test result data is output from an imaging
system. For example and without limitation, imaging systems can include computed tomography
(CT) systems, digital microscopy systems, x-ray systems and the like. Processing of the output by
the remote computing device 106 results in an undetermined outlier, possibly due to the diagnostic
test result data including uncommon results. In examples in which the imaging system is a digital
microscopy system, uncommon results may be unidentified objects in a sample (e.g., in instances
in which the sample is an ear swab), uncommon morphology or unidentified cell types (e.g., in
instances in which the sample is blood or a fine needle aspirate), and the like. Thus, the remote
computing device 106 is programmed, on the basis of generating the undetermined outlier, to send
the diagnostic test results (as well as any and all information about the subject that has been entered

into the GUI 114) to the server 102 for analysis. The server 102 executes a selected machine

15
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learning logic (trained on the basis of outputs of an imaging system) to analyze the diagnostic test
result data using the similarity search database 116. The server 102 is thus programmed with
situations resulting in unknown/undetermined outliers, and pairs the situations with inquiries for
further data collection. As a result, when the diagnostic test result data matches (to a sufficient
similarity threshold) pre-programmed situations, the server 102 retrieves paired questions for the
situations and sends the questions to the remote computing device 106 as an inquiry. In this
example, the analysis of the diagnostic test result data is an unknown, but empirical studies in the
past indicate a number of possible outcomes and more information is needed to rule out certain
outcomes. The inquiries are provided to the remote computing device 106 to cause the veterinarian
to prompt the pet owner with questions at a point of diagnostic care (e.g., when the subject is still
at the veterinary clinic 108) so that necessary information can be obtained enabling a higher

probability of determining an origin of the undetermined outlier or outliers.

[0037] Example inquiries for diagnostic test result data output from an imaging system
are selected on a basis of the pre-programmed situations. For example, when bacteria is identified
in a gray zone region where there is some identified bacteria but not enough to trigger a threshold
amount programmed to report bacteria, then the inquiries provided include prompting the
veterinarian to ask questions of the pet owner to understand if there are clinical signs of a bacteria
infection that could cause the threshold amount to be lowered or adjusted for this patient for
subsequent diagnosis. In another example, if parasitic organisms are potentially identified in the
sample images (e.g., including bacteria, fungus, worms or heartworm, and others), then the
inquiries provided including prompting for confirmation tests for those parasites to be performed
including enzyme-linked immunoassay (ELISA) tests (e.g., Heartworm test), polymerase chain

reaction (PCR) tests, or other serology. In another example, if conditions of malignancy are present

16
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in the sample images, then the inquiries provided include prompting for additional testing to

include histology, immunohistochemistry, immunocytochemistry, or other.

[0038] The questions presented in the inquiry can be directed to conditions of the subject,
such as physical conditions observable by the veterinarian. The questions presented in the inquiry
can further be directed to conditions of the testing environment, such as relates to the sample or
operation of the diagnostic testing instrument. There may be any number of issues causing the
undetermined outlier, and with the server 102 analyzing the diagnostic test results in view of a
large scale of prior diagnostic test result data in the database 116, the server 102 finds a match
(within a similarity threshold) and a prior outcome can be determined upon responding to the

inquiry in many situations.

[0039] Figure 2 illustrates an example of the server 102 in Figure 1, according to an
example implementation. Within examples herein, functions described for processing diagnostic
test result data are performed by the remote computing device 106, by the server 102, or by a
combination of the remote computing device 106 and the server 102. Thus, although Figure 2
illustrates the server 102, the components of the remote computing device 106 are the same as the
components of the server 102 within some examples, depending on where a function is

programmed to be performed in a specific implementation.

[0040] The server 102 includes one or more processor(s) 130, and non-transitory
computer readable medium 132 having stored therein instructions 134 that when executed by the
one or more processor(s) 130, causes the server 102 to perform functions for processing diagnostic
test result data, as well as management and control of diagnostic instruments and for generation of

inquiries for display on a GUI, for example.

17
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[0041] To perform these functions, the server 102 also includes a communication
interface 136, an output interface 138, and each component of the server 102 is connected to a
communication bus 140. The server 102 may also include hardware to enable communication
within the server 102 and between the server 102 and other devices (not shown). The hardware
may include transmitters, receivers, and antennas, for example. The server 102 may further include

a display (not shown).

[0042] The communication interface 136 may be a wireless interface and/or one or more
wireline interfaces that allow for both short-range communication and long-range communication
to one or more networks or to one or more remote devices. Such wireless interfaces may provide
for communication under one or more wireless communication protocols, Bluetooth, WiFi (e.g.,
an institute of electrical and electronic engineers (IEEE) 802.11 protocol), Long-Term Evolution
(LTE), cellular communications, near-field communication (NFC), and/or other wireless
communication protocols. Such wireline interfaces may include an Ethernet interface, a Universal
Serial Bus (USB) interface, or similar interface to communicate via a wire, a twisted pair of wires,
a coaxial cable, an optical link, a fiber-optic link, or other physical connection to a wireline
network. Thus, the communication interface 136 may be configured to receive input data from one

or more devices, and may also be configured to send output data to other devices.

[0043] The non-transitory computer readable medium 132 includes or takes the form of
memory, such as one or more computer-readable storage media that can be read or accessed by the
one or more processor(s) 130. The non-transitory computer readable medium 132 can include
volatile and/or non-volatile storage components, such as optical, magnetic, organic or other
memory or disc storage, which can be integrated in whole or in part with the one or more

processor(s) 130. In some examples, the non-transitory computer readable medium 132 is
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implemented using a single physical device (e.g., one optical, magnetic, organic or other memory
or disc storage unit), while in other examples, the non-transitory computer readable medium 132
is implemented using two or more physical devices. The non-transitory computer readable medium
132 thus is a computer readable storage, and the instructions 134 are stored thereon. The

instructions 134 include computer executable code.

[0044] The one or more processor(s) 130 may be general-purpose processors or special
purpose processors (e.g., digital signal processors, application specific integrated circuits, etc.).
The one or more processor(s) 130 receive inputs from the communication interface 136 (e.g., X-
ray images), and process the inputs to generate outputs that are stored in the non-transitory
computer readable medium 132. The one or more processor(s) 130 are configured to execute the
instructions 134 (e.g., computer-readable program instructions) that are stored in the non-transitory
computer readable medium 132 and are executable to provide the functionality of the server 102

described herein.

[0045] The output interface 138 outputs information for transmission, reporting, or
storage, and thus, the output interface 138 may be similar to the communication interface 136 and

can be a wireless interface (e.g., transmitter) or a wired interface as well.

[0046] Within examples, the instructions 134 include specific software for performing
the functions including an inquiry generation module 142, and a plurality of machine-learning

logic including machine-learning logic 144, 146, and 148.

[0047] With respect to the inquiry generation module 142, the server 102 has access to
or is in communication with the inquiry database 118 that stores questions mapping to identified
undetermined outliers that map to stored and identified outliers in the similarity search database

116. Thus, when a match is found between received diagnostic test result data that is within a
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similarity threshold to diagnostic test result data in the similarity search database 116,
corresponding questions from the inquiry database 118 are retrieved by the server 102 and sent to

the remote computing device 106.

[0048] The plurality of the machine-learning logic 144, 146, and 148 are each selectable
for execution based on a type of a received diagnostic test result at the server 102. Each initial data
received at the server 102 from the remote computing device 106 includes an identifier, for
example, of a type of diagnostic testing instrument that output the data. The server 102 selects one
of the machine-learning logic 144, 146, and 148 for execution based on the type of diagnostic data

and/or type of diagnostic testing instrument that output the data.

[0049] Although three different machine-learning logic 144, 146, and 148 are shown, the
server 102 and the instructions 134 may include more or fewer machine-learning logic for different

testing instrumentation.

[0050] Each of the machine-learning logic 144, 146, and 148 are trained using
instrumentation output data labeled as an outlier, and such training data is accessible in associated
databases. As shown in Figure 2, one of the machine-learning logic 144, 146, and 148 is trained
using diagnostic training data 150 labeled as an outlier, and another (or the same) machine-learning

logic is trained using imaging training data 152 labeled as an outlier.

[0051] In one example operation, the server 102 receives from the remote computing
device 106 initial data associated with a diagnostic test result of a subject including one or more
undetermined outliers, and then the server 102 selects from among the plurality of the machine-
learning logic 144, 146, and 148, a machine-learning logic for execution based on a type of the
diagnostic test result. By the server 102 executing the selected machine-learning logic and based

on the initial data, a similarity between the initial data and diagnostic test result data stored in the
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database 116 is determined. When the similarity is within a similarity threshold, the server 102
uses the similarity retrieve an associated inquiry (which may include one question or a set of
questions) from the inquiry database 118, and provides the inquiry for display at the remote
computing device 106 to solicit additional information useful to resolve the undetermined outlier.
Following, the server 102 receives input data from the remote computing device 106 in response

to the inquiry, and stores the input data in the database 116.

[0052] Execution of the machine-learning logic 144, 146, and 148 to perform analysis of

the diagnostic test results removes any human bias and generates normalized results for all inputs.

[0053] Referring to the machine-learning logic 144, 146, and 148, many types of
functionality and neural networks can be employed to perform functions of specific machine-
learning algorithms to carry out functionality described herein. In one example, the machine-
learning logic 144, 146, and 148 use statistical models to generate outputs without using explicit
instructions, but instead, by relying on patterns and inferences by processing associated training

data.

[0054] The machine-learning logic 144, 146, and 148 can thus operate according to
machine-learning tasks as classified into several categories. In supervised learning, the machine-
learning logic 144, 146, and 148 build a mathematical model from a set of data that contains both
the inputs and the desired outputs. The set of data is sample data known as the “training data”, in
order to make predictions or decisions without being explicitly programmed to perform the task.
For example, the machine-learning logic 144, 146, and 148 utilizes the diagnostic training data
150 and the image training data 152 within comparisons to identify matches of received diagnostic
test result data to the labeled diagnostic test result data that are within a similarity threshold. When

such a match is found, the labeled diagnostic test result data is reference as a label to be applied to
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the received diagnostic data and the label is further used as a reference to retrieve an appropriate
inquiry from the inquiry database 118. Thus, the labels are paired with both prior analyzed

diagnostic test result data and inquiries to form inquiry/label pairs, for example.

[0055] In another category referred to as semi-supervised learning, the machine-learning
logic 144, 146, and 148 develop mathematical models from incomplete training data, where a
portion of the sample input does not have labels. A classification algorithm can then be used when

the outputs are restricted to a limited set of values.

[0056] In another category referred to as unsupervised learning, the machine-learning
logic 144, 146, and 148 builds a mathematical model from a set of data that contains only inputs
and no desired output labels. Unsupervised learning algorithms are used to find structure in related
training data, such as grouping or clustering of data points. Unsupervised learning can discover

patterns in data, and can group the inputs into categories.

[0057] Alternative machine-learning algorithms may be used to learn and classify types
of diagnostic test results to consider for generating the inquiries, such as deep learning though
neural networks or generative models. Deep machine-learning may use neural networks to analyze
prior test results through a collection of interconnected processing nodes. The connections between
the nodes may be dynamically weighted. Neural networks learn relationships through repeated
exposure to data and adjustment of internal weights. Neural networks may capture nonlinearity
and interactions among independent variables without pre specification. Whereas traditional
regression analysis requires that nonlinearities and interactions be detected and specified manually,

neural networks perform the tasks automatically.

[0058] Still other machine-learning algorithms or functions can be implemented to

determine a similarity match and generate the inquiries, such as any number of classifiers that
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receives input parameters and outputs a classification (e.g., attributes of the image). Support vector
machine, Bayesian network, a probabilistic boosting tree, neural network, sparse auto-encoding
classifier, convolutional neural network (e.g., for image-based classifiers) or other known or later
developed machine-learning algorithms may be used. Any semi-supervised, supervised, or

unsupervised learning may be used. Hierarchal, cascade, or other approaches may be also used.

[0059] The machine-learning logic 144, 146, and 148 may thus be considered an
application of rules in combination with learning from prior labeled data to identify appropriate
outputs. Analyzing and relying on prior labeled data allows the machine-learning logic 144, 146,
and 148 to apply patterns of diagnostic test results and associated inquiries that are generally issued

when such test results are observed, for example.

[0060] Thus, the machine-learning logic 144, 146, and 148 take the form of one or a

combination of any of the herein described machine-learning algorithms, for example.

[0061] Figure 3 is a block diagram illustrating an example workflow for creating and
training a similarity search models used for the machine-learning logic, according to an example
implementation. Modern unsupervised machine learning techniques are available to learn feature
embeddings and aspects of proprietary data. A machine learning logic model with access to tens
of thousands (or more) data examples is executable to learn and apply data processing about a
specific type of data. Such models are trained with rules, encoding domain knowledge that allows
for how a scientist/engineer may want to search the data, and what level of granularity constitutes
a similar threshold within a given context for a specific type of diagnostic test result data. This
approach allows for accurate similarity search on numerous data samples for exploration and

identification. Example machine-learning logic reduce data to a numeric vector that is responsive
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to distance metric determinations. This functionality allows for a scientist to ask for a “closest 500

data examples to one of interest” based on the converted distance metrics in order to find matches.

[0062] Asshown in Figure 3, training data corpus 160 that includes diagnostic test result
data labeled as a known outlier generated by manual labeling via review by humans is used to train
similarity models 162, such as the machine-learning logic 144, 146, and 148. Following, a trained
similarity model 164 results that is executed to process a corpus of all current data 166 that includes
newly received and unlabeled diagnostic test result data. Outputs of execution of the similarity
model 164 include a similarity determination, such as a match to a labeled diagnostic test result
data within a similarity threshold. The similarity model 164 also outputs, based on the similarity
being found, the newly received data with an associated label to the similarity search database 116

to increase the amount of cataloged data.

[0063] Figure 4 is a block diagram illustrating an example workflow for interrogation of
the similarity search model for the purposes of exploring available data and generating associated
queries, according to an example implementation. New data of concern 170, such as newly
generated diagnostic test result data, is uploaded to an exploration user interface 172 (e.g., the GUI
114 of the remote computing device 100), to be sent via the network 104 to the server 102. The
server 102 (not shown) executes the similarity search models via access to the similarity search
database 116 to output a nearest N results that match to the new data. Such results are provided by
the server 102 to the remote computing device 106 for display on the GUI 114, and an amount of
the nearest N results are selected as shown at 176 so that associated survey questions are entered
as shown at 178. In addition to generating the questions for the inquiry, a similarity threshold for

what constitutes a similar match is input.
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[0064] The similarity threshold varies based on the corpus of data, scale of current
throughput, and rarity of a case being analyzed. Because each example of data is represented by a
vector, transformed by a neural network, standard distance metrics are utilized (vector 1 -
vector_2) or cosine distance, Manhattan distance, etc., depending on the corpus and needs of the

effort in order to determine matches.

[0065] As an example, a scientist wants to test a hypothesis and so a diagnostic data of
concern is selected and searched for a nearest 1000 out of a latest 100,000 data that has been
received. The scientist finds a similarity they are concerned with degrades after the 600™ closest
example, and that example has a distance of an arbitrary number, for this example, let’s say
distance of eight. Any new run received that is a subtracted vector distance to the target less than
eight is a candidate for question prompting. A custom threshold is subjective and tunable to both
data at hand, vector size based on neural network capacity needs, statistical significance required
for the hypothesis, not over prompting users, and distance of concern to the scientist. Alternate
threshold metrics can be determined that look for a proportion of the data set instead of a fixed
count, and the largest vector distance for that proportion of samples in the reference database
provides the threshold for that query. Alternatively, the reference database can be compared with
the reference data and a histogram of the vector distance can be generated and logic to remove the
“normal” population (biggest section in the data set and not representing the data of interest) could
be removed and “tail” statistics can be derived to determine the vector distance correlating to the
cutoff threshold. Additional similar approaches can be employed. Further, this process can be
iterative where the first threshold allows a wider range of results to ensure that the condition of

interest (high sensitivity) is captured and the threshold and training data can be refined as more
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data comes in to improve specificity by rejecting vector distances that are not related to the

condition of interest.

[0066] The metrics, questions, and data of concern are then submitted to the similarity

search database 116 in a feedback manner, as shown at block 180.

[0067] Figure S is a block diagram illustrating an example workflow for providing
diagnosis assistance, according to an example implementation. For a user to be prompted while a
subject or patient is fresh in memory, detecting similarity needs to occur quickly. The diagnostic
instrumentation or remote computing device 106 running the instrument or communicating with
the instrument in real time will need to check the similarity search database (also referred to as a
hypothesis catalog) for similar entries. Alternatively, the outputs of the instrumentation are
provided to a server for checking the similarity database. Thus, in Figure 5, a diagnostic instrument
processing a run at block 182 and diagnostic test result data is generated at block 184. The data at
block 184 is provided to the remote computing device 106 or the server 102 to check the similarity
database at block 186. The data is also provided to a user of the remote computing device 106 at

the GUI 114, as shown at block 190.

[0068] Note that in some examples, similarity logic is implemented on the local
diagnostic instrument or the remote computing device 106 that is analyzing the sample, which then
interacts with the server 102 for information such as a similarity vector and threshold to determine
results to return if the threshold is met. In this example, the inquires are then received from the
server 102 at the remote computing device 106. Functionality may be performed more quickly and
the implementation may depend on how large the data files are as a basis for performing processing

locally or on the server 102,
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[0069] In some examples, the similarity database contains the following for each entry:
data of interest (e.g., labeled diagnostic test results), a similarity algorithm to use (e.g., an identifier
for which of the machine-learning logic 144, 146, and 148 to use), similarity thresholds or metrics
required for qualifying matches as “similar”, and corresponding questions to prompt the
user/customer. A given diagnostic run would then be compared with the similarity database to see

if any of the data are similar and if so, prompt the user with the questions.

[0070] Inanexample, theinitial data associated with the diagnostic test result of a subject
includes one or more of a species, an age, and a weight, of the subject as well as a test result from
a hematology analyzer, and then determining the similarity between the initial data and the
diagnostic test result data stored in the similarity database includes matching the initial data and
the diagnostic test result data stored in the similarity database from subjects of a same species and

having age and weight within a preset range.

[0071] Upon matching to data in the similarity database as shown at block 188, questions
are pushed to the user through the GUI 114 at the remote computing device 106 as shown at blocks
190 and 192. As mentioned above, the similarity database stores inquiry and similarity threshold
pairings so that the server or remote computing device selects from the database, the inquiry for

display based on the similarity threshold.

[0072] Examples of questions pushed to the user vary on the type of diagnostic test result
data being analyzed. In one instance, when data is received that includes imaging data of the
subject (e.g., x-rays or ultrasound data), questions pushed to the user include requesting additional
subject data about the subject including one or more of a breed, an age, and information related to
any medication taken. In another instance, when data is received that includes flow cytometry data,

questions pushed to the user include requesting that an aliquot of a sample of the subject be sent
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to a lab for testing. In another instance, when data is received that includes flow cytometry data
from an analyzer machine, questions pushed to the user include requesting additional hardware
data about the analyzer machine or about operating conditions of the analyzer machine to solicit
additional information useful to determine whether any abnormality is due to operation of the
analyzer machine or due to a morphology of the diagnostic test result. In another instance, when
data is received that includes urinalysis test result data, questions pushed to the user include

requesting information related to how a urine sample was collected.

[0073] After the questions are answered, the workflow needs to place metadata that
identifies the individual run and the answers to the questions back into the similarity database for
collection by scientists, as shown by blocks 194 and 196. The similarity database includes, in one
example, a referential database and the metadata that identifies the initial data along with the input

data is stored together in the database.

[0074] Figure 6 is another example workflow for providing diagnosis assistance,
according to an example implementation. Figure 6 pictorially illustrates a subject (e.g., a dog) for
which a biologic sample was taken and analyzed by a diagnostic testing instrument 110 and outputs
including diagnostic test result data provided to the GUI 114 of the remote computing device 106.
In some examples, the remote computing device 106 performs a pre-analysis of the diagnostic test
results, and when an undetermined outlier results (i.e., unclear or insufficient data to come to a
conclusion for what the diagnostic test results indicate), then the remote computing device 106
either sends the diagnostic test results to the server 102 for analysis or accesses the similarity
database itself. Thus, in some instances, the remote computing device 106 determines firstly

whether the diagnostic test results meet study requirements for processing by the similarity search.
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[0075] Upon meeting the study requirements, associated similarity searches are run on
the diagnostic test result data. As mentioned above, the similarity search database 116 contains a
similarity algorithm to use (e.g., an identifier for which of the machine-learning logic 144, 146,
and 148 to use) and corresponding questions to prompt the user/customer for each data entry and
per type of data. As shown in Figure 6, example types of data include data associated with a
lymphoma study, a leukemia study, and a fibrosis study. Many other types of data are possible as

well.

[0076] When matches are found, the associated questions are sent back to the remote
computing device 106 to collect answers for analysis that are also saved with the corresponding

diagnostic test result data.

[0077] Below are a few examples providing insight into practical uses of the systems and

methods described herein.

[0078] A first example relates to flow cytometry data used for hematology and
supporting new diagnostic functionality discovery and development. Hematology analyses can
utilize several technologies for determining reported complete blood count output. Part of the
output commonly includes graphical representations of cells to confirm algorithms and system
functionality for the run. The graphical representations provide physical insight into a morphologic
presentation of cells to the analyzer. A researcher might have a physical expectation that a
particular presentation of cells on the graphical presentation be indicative of a disease state that
has not previously been identified, such as malignant cells for example. After finding a case that
provides a desired graphical presentation, the researcher can ask the similarity search system (e.g.,
the system 100 in Figure 1) to find a population of runs from the field that are most closely matched

to that presentation. Once the researcher confirms that the condition happens at some rate and
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across a number of analyzers, questions can then be generated. Specifically, tools can watch runs
as customers perform them and when the output of the run resembles reference stored data,
questions presented can include asking the customer to send an aliquot of the sample to a research
and development lab for confirmation testing using current high standard techniques such as
dedicated antibody labels and other techniques like blood film reviews by clinical pathologists.
Once enough samples have been received and confirmed, an algorithm can be developed to trigger
a presence of the disease state when the specific signature is presented. The system can then
implement the new algorithm logic on every run performed in the field and provide statistics and
explicit examples where the logic triggers as positive, while continuing to ask the customer to send
the sample for analysis. The algorithm can then be tuned for sensitivity and specificity and retested

with the same tools.

[0079] Thus, when a set of hematological data examples are determined as being closest
matches to the initial data, where a number of examples within the set of hematological data
examples has a preset maximum (e.g., a statistically relevant amount), matches are found and a

plurality of inquiries are selected for display mapping to the set of hematological data examples.

[0080] A second example relates to imaging data used for morphology analysis and
supports expanded detection capabilities. Digital imaging techniques provide images that correlate
to microscopy images used in medicine for diagnostics. Algorithms can be applied to those images
to perform the analyses that are otherwise performed by highly trained medical personnel, such as
clinical pathologists. The algorithms are based on samples that are identified during development.
A common approach for system development is to develop automated algorithms based on the
most found elements for release and then to add new functionality when enough data is collected

of those specific low frequency but highly diagnostic elements. The similarity search system can
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be used to find like examples once a first is found. Like the hematology example above, the large
breadth of examples in the database provides a large warehouse where low frequency events can
be found rapidly. A following process is like the hematology process where the data coming back
is used for development. It is possible to ask the customer for the samples, for glass slides of the
samples, or for specific features about the sample donor, such as breed, age, medication, or other

clinical signs.

[0081] A third example relates to a flow cytometry system used in hematology and
identifies a condition where the presented data demonstrates a hardware failure in the system that
the internal logic does not yet capture. If a flow cytometer has a rare event where fluidics enter an
unstable state, presented graphical data can look abnormal. It is required for the system to identify
when the abnormality is due to the analyzer operation or due to the morphology of the sample. The
similarity search system can find examples where abnormal presentations of data occur and ask
questions about a health state of the subject. If an animal is healthy, there are few reasons to expect
abnormal data presentations and these examples can be used to provide logic to minimally flag the
results or better yet identify what occurred during the run so it can be corrected and no longer
impact the analyzer. Examples could be electromagnetic interference from a nearby router,
centrifuge, or other source that only impacts the system when they are engaged. These are
exceedingly difficult to reproduce in research and development and data from the customer can be

uniquely helpful in identitying the driving factors.

[0082] Figure 7 shows a flowchart of an example of a method 200 for providing
diagnostic assistance, according to an example implementation. Method 200 shown in Figure 7
presents an example of a method that could be used with the system 100 shown in Figure 1, the

server 102, shown in Figure 1, or the remote computing device 106 shown in Figure 1, for example.
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Further, devices or systems may be used or configured to perform logical functions presented in
Figure 7. In some instances, components of the devices and/or systems may be configured to
perform the functions such that the components are actually configured and structured (with
hardware and/or software) to enable such performance. In other examples, components of the
devices and/or systems may be arranged to be adapted to, capable of, or suited for performing the
functions, such as when operated in a specific manner. Method 200 may include one or more
operations, functions, or actions as illustrated by one or more of blocks 202-212. Although the
blocks are illustrated in a sequential order, these blocks may also be performed in parallel, and/or
in a different order than those described herein. Also, the various blocks may be combined into
fewer blocks, divided into additional blocks, and/or removed based upon the desired

implementation.

[0083] It should be understood that for this and other processes and methods disclosed
herein, flowcharts show functionality and operation of one possible implementation of present
examples. In this regard, each block or portions of each block may represent a module, a segment,
or a portion of program code, which includes one or more instructions executable by a processor
for implementing specific logical functions or steps in the process. The program code may be
stored on any type of computer readable medium or data storage, for example, such as a storage
device including a disk or hard drive. Further, the program code can be encoded on a computer-
readable storage media in a machine-readable format, or on other non-transitory media or articles
of manufacture. The computer readable medium may include non-transitory computer readable
medium or memory, for example, such as computer-readable media that stores data for short
periods of time like register memory, processor cache and Random Access Memory (RAM). The

computer readable medium may also include non-transitory media, such as secondary or persistent
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long term storage, like read only memory (ROM), optical or magnetic disks, compact-disc read
only memory (CD-ROM), for example. The computer readable media may also be any other
volatile or non-volatile storage systems. The computer readable medium may be considered a

tangible computer readable storage medium, for example.

[0084] In addition, each block or portions of each block in Figure 7, and within other
processes and methods disclosed herein, may represent circuitry that is wired to perform the
specific logical functions in the process. Alternative implementations are included within the scope
of the examples of the present disclosure in which functions may be executed out of order from
that shown or discussed, including substantially concurrent or in reverse order, depending on the

functionality involved, as would be understood by those reasonably skilled in the art.

[0085] At block 202, the method 200 includes receiving, at a server and from a remote
computing device, initial data associated with a diagnostic test result of a subject and the initial
data comprising one or more undetermined outliers. In some examples, block 202 includes
displaying a dot plot of the initial data at the server, such as when the initial data relates to

hematological data.

[0086] At block 204, the method 200 includes selecting, by the server and from among
a plurality of machine-learning logic, a machine-learning logic for execution based on a type of

the diagnostic test result.

[0087] At block 206, the method 200 includes determining, by the server executing the
machine-learning logic and based on the initial data, a similarity between the initial data and
diagnostic test result data stored in a database. The machine-learning logic is trained using

diagnostic training data including test results and imaging labeled as known outliers.
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[0088] In one example, the initial data associated with the diagnostic test result of a
subject includes one or more of a species, an age, and a weight, of the subject as well as a test
result from a hematology analyzer, and block 206 includes determining the similarity between the
initial data and the diagnostic test result data stored in the database from subjects of a same species

and having age and weight within a preset range.

[0089] At block 208, the method 200 includes based on the similarity between the initial
data and the diagnostic test result data being within a similarity threshold, providing an inquiry for
display at the remote computing device to solicit additional information useful to resolve the one

or more undetermined outliers.

[0090] In one example, block 208 includes providing the inquiry for display in
substantially real-time upon generation and transmission of the diagnostic test result of the subject
to the server. In this context, real-time means within a time required for processors to analyze and
execute machine-learning logic based on receiving diagnostic test result data. Generally, real-time
is thus related to processing times of the processors as well as a transmission time of data across

the network 104, for example.

[0091] Within examples, the method 200 additionally includes receiving imaging data of
the subject, and block 208 includes providing the inquiry requesting additional subject data about
the subject including one or more of a breed, an age, and information related to any medication
taken. Further, in some examples, following block 208, the method 200 includes based on
receiving a threshold number of additional subject data from a plurality of subjects and generating
a confirmed diagnosis due to analysis of the threshold number of additional subject data, tuning

the machine-learning logic and the similarity threshold. Examples of threshold number of
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additional subject data include one hundred more individual test results, one thousand more

individual test results, or more as configured, resulting in a new corpus of labeled training data.

[0092] In another example, the method 200 additionally includes receiving flow
cytometry data, and block 208 includes providing the inquiry requesting that an aliquot of a sample
of the subject be sent to a lab for testing. Further, in some examples, following block 208, the
method 200 includes based on receiving a threshold number of samples from a plurality of subjects
and generating a confirmed diagnosis due to analysis of the threshold number of samples, tuning

the machine-learning logic and the similarity threshold.

[0093] Thus, the method 200 is executable to tune the machine-learning logic based on

updates to training data that include additions of more labeled diagnostic training data.

[0094] In still another example, the method 200 additionally includes receiving flow
cytometry data from an analyzer machine, and block 208 includes providing the inquiry requesting
additional hardware data about the analyzer machine or about operating conditions of the analyzer
machine to solicit additional information useful to determine whether any abnormality is due to

operation of the analyzer machine or due to a morphology of the diagnostic test result.

[0095] In still another example, the method 200 additionally includes receiving
urinalysis test result data, and block 208 includes providing the inquiry requesting information

related to how a urine sample was collected.

[0096] In still another example, block 206 includes determining a set of hematological
data examples being closest matches to the initial data and a number of examples within the set of

hematological data examples has a preset maximum, and block 208 includes selecting a plurality
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of inquiries for display mapping to the set of hematological data examples and the inquiry for

display is one of the plurality of inquiries for display.

[0097] 1In yet another example, the database stores inquiry and similarity threshold
pairings, and the method 200 additionally includes selecting from the database, the inquiry for

display based on the similarity threshold.

[0098] At block 210, the method 200 includes receiving input data from the remote

computing device in response to the inquiry.

[0099] At block 212, the method 200 includes storing the input data in the database. In
one example, the database is a referential database, and block 212 includes storing metadata that

identifies the initial data along with the input data to catalog and/or index results.

[00100] The method 200 is described for providing diagnostic assistance, which includes
assistance with any type of understanding of the diagnostic test result data. Examples include
diagnostic assistance with identifying an unknown biological or clinical issue with the subject, as
well as assistance with identifying issues with the diagnostic instrumentation or testing
environment (e.g., signal interference and other non-biological artifacts affecting test results).
Generally, the diagnostic assistance provided by the systems and methods herein is possible for all

types of diagnostic test result data cataloged in the similarity search database 116.

[00101] With the systems and methods described herein, access to a large dataset of
labeled diagnostic data is leveraged to identify an amount and type of missing information needed

in order to arrive at a more probable diagnosis and an improved workflow.

[00102] Many advantages and benefits are seen by implementing the systems and methods

herein including increased speed to determine a root cause failure of machines in the field (e.g.,
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when diagnostic test result data is indeterminate due to failure of the testing instrumentation),
decreased time to identify low-frequency diagnosis conditions (e.g., such as rare biological
conditions for which much data and analysis is needed to identify), rapid aggregation of data for
new modeling (e.g., such as modeling more machine failure or incorrect operation issues), rapid
algorithm development of new instruments, ease of data labeling when using data from an on-

market instrument as truth for a new instrument, and identifying rare field cases in real-time.

[00103] The example system and methods described herein can also be run in iterations
as well, such as to capture answers to questions and the answers may trigger further questions to

present for consideration.

[00104] Generally, operation of the systems and methods herein enables analysis of
diagnostic test data, for which currently results in an undetermined outlier, to move more closely
to a known diagnosis on the basis of additional data being provided. The systems and methods
herein are beneficially used in analysis of diagnostic test results of animals, as compared to test
results of humans, due to the large amount of differences in test data due to different breeds,

species, etc. and differences in types of food consumed, lifestyles, etc.

[00105] With reference to Figure 2, and throughout the disclosure, some components are

2« kX (14

described as “modules,” “engines”, “models”, or “generators” and such components include or
take a form of a general purpose or special purpose hardware (e.g., general or special purpose

processors), firmware, and/or software embodied in a non-transitory computer-readable (storage)

medium for execution by one or more processors to perform described functionality.

[00106] The description of the different advantageous arrangements has been presented
for purposes of illustration and description, and is not intended to be exhaustive or limited to the

examples in the form disclosed. Many modifications and variations will be apparent to those of
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ordinary skill in the art. Further, different advantageous examples may describe different
advantages as compared to other advantageous examples. The example or examples selected are
chosen and described in order to explain the principles of the examples, the practical application,
and to enable others of ordinary skill in the art to understand the disclosure for various examples

with various modifications as are suited to the particular use contemplated.

[00107] Different examples of the system(s), device(s), and method(s) disclosed herein
include a variety of components, features, and functionalities. It should be understood that the
various examples of the system(s), device(s), and method(s) disclosed herein may include any of
the components, features, and functionalities of any of the other examples of the system(s),
device(s), and method(s) disclosed herein in any combination or any sub-combination, and all of

such possibilities are intended to be within the scope of the disclosure.

[00108] Thus, examples of the present disclosure relate to enumerated clauses (ECs) listed

below in any combination or any sub-combination.

[00109] EC 1 is a computer-implemented method for providing diagnosis assistance, the
method comprising: receiving, at a server and from a remote computing device, initial data
associated with a diagnostic test result of a subject, the initial data comprising one or more
undetermined outliers; selecting, by the server and from among a plurality of machine-learning
logic, a machine-learning logic for execution based on a type of the diagnostic test result;
determining, by the server executing the machine-learning logic and based on the initial data, a
similarity between the initial data and diagnostic test result data stored in a database, wherein the
machine-learning logic is trained using diagnostic training data including test results and imaging
labeled as known outliers; based on the similarity between the initial data and the diagnostic test

result data being within a similarity threshold, providing an inquiry for display at the remote
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computing device to solicit additional information useful to resolve the one or more undetermined
outliers; receiving input data from the remote computing device in response to the inquiry; and

storing the input data in the database.

[00110] EC 2 is the method of EC 1, wherein: said receiving the initial data associated
with the diagnostic test result of the subject comprises receiving imaging data of the subject, and
wherein said providing the inquiry for display comprises providing the inquiry requesting
additional subject data about the subject including one or more of a breed, an age, and information

related to any medication taken.

[00111] EC 3 is the method of any of ECs 1-2, further comprising: based on receiving a
threshold number of additional subject data from a plurality of subjects and generating a confirmed
diagnosis due to analysis of the threshold number of additional subject data, tuning the machine-

learning logic and the similarity threshold.

[00112] EC 4 is the method of any of ECs 1-3, wherein: said receiving the initial data
associated with the diagnostic test result of the subject comprises receiving flow cytometry data,
and wherein said providing the inquiry for display comprises providing the inquiry requesting that
an aliquot of a sample of the subject be sent to a lab for testing.

[00113] EC 5 is the method of any of ECs 1-4, further comprising based on receiving a
threshold number of samples from a plurality of subjects and generating a confirmed diagnosis

due to analysis of the threshold number of samples, tuning the machine-learning logic and the

similarity threshold.

[00114] EC 6 is the method of any of ECs 1-5, wherein: said receiving the initial data

associated with the diagnostic test result of the subject comprises receiving flow cytometry data
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from an analyzer machine, and wherein said providing the inquiry for display comprises providing
the inquiry requesting additional hardware data about the analyzer machine or about operating
conditions of the analyzer machine to solicit additional information useful to determine whether
any abnormality is due to operation of the analyzer machine or due to a morphology of the

diagnostic test result.

[00115] EC 7 is the method of any of ECs 1-6, wherein said receiving the initial data
associated with the diagnostic test result of the subject comprises receiving images from an
imaging system, and wherein said providing the inquiry for display comprises providing the

inquiry requesting testing for histology, immunohistochemistry, or immunocytochemistry.

[00116] EC 8 is the method of any of ECs 1-7, wherein: said receiving the initial data
associated with the diagnostic test result of the subject comprises receiving urinalysis test result
data, and wherein said providing the inquiry for display comprises providing the inquiry requesting

information related to how a urine sample was collected.

[00117] EC 9 is the method of any of ECs 1-8, wherein: said determining he similarity
between the initial data and the diagnostic test result data stored in the database comprises:
determining a set of hematological data examples being closest matches to the initial data, wherein

a number of examples within the set of hematological data examples has a preset maximum.

[00118] EC 10 is the method of any of ECs 1-9, further comprising: selecting a plurality
of inquiries for display mapping to the set of hematological data examples, wherein the inquiry for

display is one of the plurality of inquiries for display.
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[00119] EC 11 is the method of any of ECs 1-10, wherein: said providing the inquiry for
display comprises providing the inquiry for display in substantially real-time upon generation and

transmission of the diagnostic test result of the subject to the server.

[00120] EC 12 is the method of any of ECs 1-11, wherein: the database is a referential
database, and the method further comprises: storing metadata that identifies the initial data along

with the input data to catalog results.

[00121] EC 13 is the method of any of ECs 1-12, wherein: the database stores inquiry and
similarity threshold pairings, and the method further comprises: selecting from the database, the

inquiry for display based on the similarity threshold.

[00122] EC 14 is the method of any of ECs 1-13, wherein: the initial data associated with
the diagnostic test result of a subject includes one or more of a species, an age, and a weight, of
the subject as well as a test result from a hematology analyzer, and wherein said determining the
similarity between the initial data and the diagnostic test result data stored in the database,
comprises determining the similarity between the initial data and the diagnostic test result data
stored in the database from subjects of a same species and having age and weight within a preset

range.

[00123] EC 15 is the method of any of ECs 1-14, further comprising displaying a dot plot

of the initial data at the server.

[00124] EC 16 is a server comprising: one or more processors; and non-transitory
computer readable medium having stored therein instructions that when executed by the one or
more processors, causes the server to perform functions comprising: receiving, from a remote

computing device, initial data associated with a diagnostic test result of a subject, the initial data
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comprising one or more undetermined outliers; selecting, from among a plurality of machine-
learning logic, a machine-learning logic for execution based on a type of the diagnostic test result;
determining, by executing the machine-learning logic and based on the initial data, a similarity
between the initial data and diagnostic test result data stored in a database, wherein the machine-
learning logic is trained using diagnostic training data including test results and imaging labeled
as known outliers; based on the similarity between the initial data and the diagnostic test result
data being within a similarity threshold, providing an inquiry for display at the remote computing
device to solicit additional information useful to resolve the one or more undetermined outliers;
receiving input data from the remote computing device in response to the inquiry; and storing the

input data in the database.

[00125] EC 17 is the server of EC 16, wherein: said receiving the initial data associated
with the diagnostic test result of the subject comprises receiving imaging data of the subject, and
wherein said providing the inquiry for display comprises providing the inquiry requesting
additional subject data about the subject including one or more of a breed, an age, and information

related to any medication taken.

[00126] EC 18 is the server of any of ECs 16-17, wherein: said receiving the initial data
associated with the diagnostic test result of the subject comprises receiving flow cytometry data,
and wherein said providing the inquiry for display comprises providing the inquiry requesting that
an aliquot of a sample of the subject be sent to a lab for testing.

[00127] EC 19 is the server of any of ECs 16-18, wherein: said receiving the initial data
associated with the diagnostic test result of the subject comprises receiving flow cytometry data

from an analyzer machine, and wherein said providing the inquiry for display comprises providing

the inquiry requesting additional hardware data about the analyzer machine or about operating
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conditions of the analyzer machine to solicit additional information useful to determine whether
any abnormality is due to operation of the analyzer machine or due to a morphology of the

diagnostic test result.

[00128] EC 20 is a non-transitory computer readable medium having stored thereon
instructions, that when executed by one or more processors of a computing device, cause the
computing device to perform functions comprising: receiving, from a remote computing device,
initial data associated with a diagnostic test result of a subject, the initial data comprising one or
more undetermined outliers; selecting, from among a plurality of machine-learning logic, a
machine-learning logic for execution based on a type of the diagnostic test result; determining, by
executing the machine-learning logic and based on the initial data, a similarity between the initial
data and diagnostic test result data stored in a database, wherein the machine-learning logic is
trained using diagnostic training data including test results and imaging labeled as known outliers;
based on the similarity between the initial data and the diagnostic test result data being within a
similarity threshold, providing an inquiry for display at the remote computing device to solicit
additional information useful to resolve the one or more undetermined outliers; receiving input
data from the remote computing device in response to the inquiry; and storing the input data in the

database.

[00129] EC 21 is the non-transitory computer readable medium of EC 20, wherein the
initial data associated with the diagnostic test result of a subject includes one or more of a species,
an age, and a weight, of the subject as well as a test result from a hematology analyzer, and wherein
said determining the similarity between the initial data and the diagnostic test result data stored in

the database, comprises determining the similarity between the initial data and the diagnostic test
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result data stored in the database from subjects of a same species and having age and weight within

a preset range.

[00130] By the term “substantially” and “about” used herein, it is meant that the recited
characteristic, parameter, or value need not be achieved exactly, but that deviations or variations,
including for example, tolerances, measurement error, measurement accuracy limitations and other
factors known to skill in the art, may occur in amounts that do not preclude the effect the
characteristic was intended to provide. The terms “substantially” and “about” represent the
inherent degree of uncertainty that may be attributed to any quantitative comparison, value,
measurement, or other representation. The terms “substantially” and “about” are also utilized
herein to represent the degree by which a quantitative representation may vary from a stated

reference without resulting in a change in the basic function of the subject matter at issue.

[00131] It is noted that one or more of the following claims utilize the term “wherein” as
a transitional phrase. For the purposes of defining the present invention, it is noted that this term
is introduced in the claims as an open-ended transitional phrase that is used to introduce a recitation
of a series of characteristics of the structure and should be interpreted in like manner as the more

commonly used open-ended preamble term “comprising.”
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CLAIMS

What is claimed is:

L. A computer-implemented method for providing diagnosis assistance, the method
comprising:

receiving, at a server and from a remote computing device, initial data associated with a
diagnostic test result of a subject, the initial data comprising one or more undetermined outliers;

selecting, by the server and from among a plurality of machine-learning logic, a machine-
learning logic for execution based on a type of the diagnostic test result;

determining, by the server executing the machine-learning logic and based on the initial
data, a similarity between the initial data and diagnostic test result data stored in a database,
wherein the machine-learning logic is trained using diagnostic training data including test results
and imaging labeled as known outliers;

based on the similarity between the initial data and the diagnostic test result data being
within a similarity threshold, providing an inquiry for display at the remote computing device to
solicit additional information useful to resolve the one or more undetermined outliers;

receiving input data from the remote computing device in response to the inquiry; and

storing the input data in the database.

2. The computer-implemented method of claim 1, wherein said receiving the initial data
associated with the diagnostic test result of the subject comprises receiving imaging data of the
subject, and

wherein said providing the inquiry for display comprises providing the inquiry requesting
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additional subject data about the subject including one or more of a breed, an age, and information

related to any medication taken.

3. The computer-implemented method of claim 2, further comprising:
based on receiving a threshold number of additional subject data from a plurality of
subjects and generating a confirmed diagnosis due to analysis of the threshold number of additional

subject data, tuning the machine-learning logic and the similarity threshold.

4. The computer-implemented method of claim 1, wherein said receiving the initial data
associated with the diagnostic test result of the subject comprises receiving flow cytometry data,
and

wherein said providing the inquiry for display comprises providing the inquiry requesting

that an aliquot of a sample of the subject be sent to a lab for testing.

5. The computer-implemented method of claim 4, further comprising:
based on receiving a threshold number of samples from a plurality of subjects and
generating a confirmed diagnosis due to analysis of the threshold number of samples, tuning the

machine-learning logic and the similarity threshold.

6. The computer-implemented method of claim 1, wherein said receiving the initial data
associated with the diagnostic test result of the subject comprises receiving flow cytometry data
from an analyzer machine, and

wherein said providing the inquiry for display comprises providing the inquiry requesting
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additional hardware data about the analyzer machine or about operating conditions of the analyzer
machine to solicit additional information useful to determine whether any abnormality is due to

operation of the analyzer machine or due to a morphology of the diagnostic test result.

7. The computer-implemented method of claim 1, wherein said receiving the initial data
associated with the diagnostic test result of the subject comprises receiving images from an
imaging system, and

wherein said providing the inquiry for display comprises providing the inquiry requesting

testing for histology, immunohistochemistry, or immunocytochemistry.

8. The computer-implemented method of claim 1, wherein said receiving the initial data
associated with the diagnostic test result of the subject comprises receiving urinalysis test result
data, and

wherein said providing the inquiry for display comprises providing the inquiry requesting

information related to how a urine sample was collected.

9. The computer-implemented method of claim 1, wherein said determining the similarity

between the initial data and the diagnostic test result data stored in the database comprises:
determining a set of hematological data examples being closest matches to the initial data,

wherein a number of examples within the set of hematological data examples has a preset

maximum.

10.  The computer-implemented method of claim 8, further comprising:

47



WO 2024/145285 PCT/US2023/085911

selecting a plurality of inquiries for display mapping to the set of hematological data

examples, wherein the inquiry for display is one of the plurality of inquiries for display.

11. The computer-implemented method of claim 1, wherein said providing the inquiry for
display comprises providing the inquiry for display in substantially real-time upon generation and

transmission of the diagnostic test result of the subject to the server.

12.  The computer-implemented method of claim 1, wherein the database is a referential
database, and the method further comprises:

storing metadata that identifies the initial data along with the input data to catalog results.

13. The computer-implemented method of claim 1, wherein the database stores inquiry and
similarity threshold pairings, and the method further comprises:

selecting from the database, the inquiry for display based on the similarity threshold.

14.  The computer-implemented method of claim 1, wherein the initial data associated with the
diagnostic test result of a subject includes one or more of a species, an age, and a weight, of the
subject as well as a test result from a hematology analyzer, and

wherein said determining the similarity between the initial data and the diagnostic test
result data stored in the database, comprises determining the similarity between the initial data and
the diagnostic test result data stored in the database from subjects of a same species and having

age and weight within a preset range.
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15. The computer-implemented method of claim 1, further comprising displaying a dot plot of

the initial data at the server.

16. A server comprising:
one or more processors; and
non-transitory computer readable medium having stored therein instructions that when
executed by the one or more processors, causes the server to perform functions comprising:
receiving, from a remote computing device, initial data associated with a diagnostic
test result of a subject, the initial data comprising one or more undetermined outliers;
selecting, from among a plurality of machine-learning logic, a machine-learning
logic for execution based on a type of the diagnostic test result;
determining, by executing the machine-learning logic and based on the initial data,
a similarity between the initial data and diagnostic test result data stored in a database,
wherein the machine-learning logic is trained using diagnostic training data including test
results and imaging labeled as known outliers;
based on the similarity between the initial data and the diagnostic test result data
being within a similarity threshold, providing an inquiry for display at the remote
computing device to solicit additional information useful to resolve the one or more
undetermined outliers;
receiving input data from the remote computing device in response to the inquiry;
and

storing the input data in the database.
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17. The server of claim 16, wherein said receiving the initial data associated with the diagnostic
test result of the subject comprises receiving imaging data of the subject, and

wherein said providing the inquiry for display comprises providing the inquiry requesting
additional subject data about the subject including one or more of a breed, an age, and information

related to any medication taken.

18. The server of claim 16, wherein said receiving the initial data associated with the diagnostic
test result of the subject comprises receiving flow cytometry data, and
wherein said providing the inquiry for display comprises providing the inquiry requesting

that an aliquot of a sample of the subject be sent to a lab for testing.

19. The server of claim 16, wherein said receiving the initial data associated with the diagnostic
test result of the subject comprises receiving flow cytometry data from an analyzer machine, and
wherein said providing the inquiry for display comprises providing the inquiry requesting
additional hardware data about the analyzer machine or about operating conditions of the analyzer
machine to solicit additional information useful to determine whether any abnormality is due to

operation of the analyzer machine or due to a morphology of the diagnostic test result.

20. A non-transitory computer readable medium having stored thereon instructions, that when
executed by one or more processors of a computing device, cause the computing device to perform
functions comprising:

receiving, from a remote computing device, initial data associated with a diagnostic test

result of a subject, the initial data comprising one or more undetermined outliers;
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selecting, from among a plurality of machine-learning logic, a machine-learning logic for
execution based on a type of the diagnostic test result;

determining, by executing the machine-learning logic and based on the initial data, a
similarity between the initial data and diagnostic test result data stored in a database, wherein the
machine-learning logic is trained using diagnostic training data including test results and imaging
labeled as known outliers;

based on the similarity between the initial data and the diagnostic test result data being
within a similarity threshold, providing an inquiry for display at the remote computing device to
solicit additional information useful to resolve the one or more undetermined outliers;

receiving input data from the remote computing device in response to the inquiry; and

storing the input data in the database.

21. The non-transitory computer readable medium of claim 20, wherein the initial data
associated with the diagnostic test result of a subject includes one or more of a species, an age, and
a weight, of the subject as well as a test result from a hematology analyzer, and

wherein said determining the similarity between the initial data and the diagnostic test
result data stored in the database, comprises determining the similarity between the initial data and
the diagnostic test result data stored in the database from subjects of a same species and having

age and weight within a preset range.
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