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(57) ABSTRACT 

Method and system for validating a report generated by a 
report generating model is provided. The method includes 
receiving an output that corresponds to an anomaly detected 
in an image from report generating model and includes one 
textual sentence. The method includes receiving an actual 
inference conesponding to anomaly and includes one tex-
tual sentence. The method further includes tokenizing out-
put to generate output tokens and tokenizing actual infer-
ence to generate inference tokens. The method further 
includes classifying output tokens into predetermined cate-
gories. The method further includes classifying inference 
tokens into predetermined categories. The method further 
includes comparing output tokens with a corresponding 
inference tokens and assigning a match score to output 
tokens. The method further includes determining a com-
bined score for the output based on the match score and 
validating the output based on the combined score. 
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Receive output from report generating model and actual inference 
corresponcflng to anomaly QZ 

Tokenize output to generate a plurality of output tokens and actual 
inference to generate a plurality of inference tokens 4 

Classify plurality of output tokens into one or more predetermined 
categories and plurality of inference tokens into one or more 

predetermined categories Qfi 

Compare each set of one or more sets of output tokens with a 
corresponding set of one or more sets of inference tokens 

Assign match score to each set of one or more sets of output 
tokens based on comparison jJi 

Determine combined score for output based on match score 
assigned to each set of one or more sets of output tokens J2 

Validate output based on accumulative score 814 
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METHOD AND SYSTEM FOR ANOMALY 
DETECTION AND REPORT GENERATION 

DESCRIPTION 

Technical Field 

10001] This disclosure relates generally to X-ray imaging, 
and more particularly to an artificial intelligence (Al) based 
system and method of abnormality detection and X-ray 
report generation. 

Background 

10002] Diagnostic images, for example, X-ray images, 
computerized tomography (CT) scans, Magnetic Resonance 
Imaging (MRI) images, Positron Emission Tomography 
(PET) images, etc. are effective radiological examinations 
for identifying various kind of pulmonary diseases and thor-
acic diseases. For example, a radiologist may examine an X-
ray image to prepare a report. The prepared report may 
include impressions, findings, patient history, and additional 
tests that forms the basis of treatment. 
10003] Further, X-ray films may be digitalized which may 
ease the handling and communication of data associated 
with the X-ray films. Typically, conventional mechanisms 
for the X-ray imaging may be based on Convolutional 
Neural Network (CNN) models trained to detect abnormal-
ities from X-ray radiographs. Such CNN models may store 
algorithm reports and benchmark model performance on 
large-scale public datasets (such as Chexpert, MIMIC-
CXR and PADCHEST). However, such conventional 
mechanisms may have limitations of inappropriate high-
lighting of certain regions in X-ray images. Further, these 
conventional mechanisms may prove costly. Moreover, 
these conventional mechanisms involve complex algorithm 
structures. 
10004] As such, there is a need for system and method 
with an artificial neural network (ANN) based image classi-
fication model that is cost effective and sensitive for detec-
tion and classification of anomalies from digital diagnostic 
images like digital X-ray radiographs. 

SUMMARY 

10005] In accordance with an embodiment, a method of 
validating a report generated by a report generating model 
is disclosed. The method may include receiving an output 
from the report generating model. The output may corre-
spond to an anomaly detected in an image. The output may 
comprise at least one textual sentence. The method may 
further include receiving an actual inference corresponding 
to the anomaly. The actual inference may comprise at least 
one textual sentence. The method may further include toke-
nizing the output to generate a plurality of output tokens and 
the actual inference to generate a plurality of inference 
tokens. The method may further include classifying the plur-
ality of output tokens into one or more predetermined cate-
gories to generate one or more sets of output tokens corre-
sponding to the one or more predetermined categories. Each 
of the one or more sets of output tokens may include at least 
one textual element. The method may further include clas-
sifying the plurality of inference tokens into the one or more 
predetermined categories to generate one or more sets of 
inference tokens corresponding to the one or more predeter-
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mined categories. Each of the one or more sets of inference 
tokens may include at least one textual element. The method 
may further include comparing each set of the one or more 
sets of output tokens with a corresponding set of the one or 
more sets of inference tokens, and assigning a match score 
to each set of the one or more sets of output tokens based on 
the comparison. The match score may be indicative of the 
degree of match between an associated set of output tokens 
and a corresponding set of inference tokens. The method 
may further include determining a combined score for the 
output based on the match score assigned to each set of the 
one or more sets of output tokens and validating the output 
based on the combined score. 
10006] In accordance with another embodiment, a system 
of validating a report generated by a report generating model 
is disclosed. The system may include a processor and a 
memory communicatively coupled to the processor. The 
memory may store processor-executable instructions, 
which, on execution, causes the processor to receive an out-
put from the report generating model. The output may cor-
respond to an anomaly detected in an image. The output 
may comprise at least one textual sentence. The processor-
executable instructions may further cause the processor to 
receive an actual inference corresponding to the anomaly. 
The actual inference may comprise at least one textual sen-
tence. The processor-executable instructions may further 
cause the processor to tokenize: the output to generate a 
plurality of output tokens, and the actual inference to gen-
erate a plurality of inference tokens. The processor-execu-
table instructions may further cause the processor to classify 
the plurality of output tokens into one or more predeter-
mined categories to generate one or more sets of output 
tokens corresponding to the one or more predetermined 
categories. Each of the one or more sets of output tokens 
may comprise at least one textual element. The processor-
executable instructions further cause the processor to clas-
sify the plurality of inference tokens into the one or more 
predetermined categories to generate one or more sets of 
inference tokens corresponding to the one or more predeter-
mined categories. Each of the one or more sets of inference 
tokens may include at least one textual element. The proces-
sor-executable instructions may further cause the processor 
to compare each set of the one or more sets of output tokens 
with a corresponding set of the one or more sets of inference 
tokens, and assign a match score to each set of the one or 
more sets of output tokens based on the comparison. The 
match score may be indicative of the degree of match 
between an associated set of output tokens and a corre-
sponding set of inference tokens. The processor-executable 
instructions may further cause the processor to determine a 
combined score for the output based on the match score 
assigned to each set of the one or more sets of output tokens 
and validating the output based on the combined score. 
10007] In yet another embodiment, a non-transitory com-
puter-readable storage medium is disclosed. The non-transi-
tory computer-readable storage medium has computer-
executable instructions stored thereon of validating a report 
generated by a report generating model. The computer-
executable instructions may cause a computer comprising 
one or more processors to perform operations comprising 
receiving: an output from the report generating model. The 
output may correspond to an anomaly detected in an image. 
The output may comprise at least one textual sentence. The 
operations may further include receiving an actual inference 
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corresponding to the anomaly. The actual inference may 
comprise at least one textual sentence. The operations may 
further include tokenizing: the output to generate a plurality 
of output tokens; and the actual inference to generate a plur-
ality of inference tokens. The operations may further include 
classifying the plurality of output tokens into one or more 
predetermined categories to generate one or more sets of 
output tokens corresponding to the one or more predeter-
mined categories. Each of the one or more sets of output 
tokens may comprise at least one textual element. The 
operations may further include classifying the plurality of 
inference tokens into the one or more predetermined cate-
gories to generate one or more sets of inference tokens cor-
responding to the one or more predetermined categories. 
Each of the one or more sets of inference tokens may com-
prise at least one textual element. The operations may 
further include comparing each set of the one or more sets 
of output tokens with a corresponding set of the one or more 
sets of inference tokens. The operations may further include 
assigning a match score to each set of the one or more sets of 
output tokens based on the comparison. The match score 
may be indicative of the degree of match between an as so-
ciated set of output tokens and a corresponding set of infer-
ence tokens. The operations may further include determin-
ing a combined score for the output based on the match 
score assigned to each set of the one or more sets of output 
tokens and validating the output based on the combined 
score. 
10008] It is to be understood that both the foregoing gen-
eral description and the following detailed description are 
exemplary and explanatory only and are not restrictive of 
the invention, as claimed. 

BRIEF DESCRIPTION OF THE DRAWINGS 

10009] The accompanying drawings, which are incorpo-
rated in and constitute a part of this disclosure, illustrate 
exemplary embodiments and, together with the description, 
serve to explain the disclosed principles. 
10010] FIG. 1 is a block diagram that illustrates an envir-
onment of a system for abnormality detection and report 
generation from a digital X-ray radiograph, in accordance 
with an embodiment of the disclosure. 
10011] FIG. 2 is a block diagram of an exemplary system 
for validating a report generated by a report generating 
model using an Al based model, in accordance with an 
embodiment of the disclosure. 
10012] FIG. 3 is a functional block diagram that illustrates 
various modules of a system for validating a report gener-
ated by a report generating model, in accordance with an 
embodiment of the disclosure. 
10013] FIG. 4 is a process flow diagram that illustrates 
exemplary operations for extracting radiological findings 
from a report generated by a report generating model using 
an AT based model, in accordance with an embodiment of 
the present disclosure. 
10014] FIG. 5 is a process flow diagram that illustrates 
exemplary operations for convolution attention-based sen-
tence reconstruction and scoring (CARES) using an Al 
based model, in accordance with an embodiment of the pre-
sent disclosure. 
10015] FIG. 6 is a process flow diagram that shows an 
exemplary scenario for scoring operation in a system for 
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validating a report generated by a report generating model, 
in accordance with an embodiment of the present disclosure. 
10016] FIG. 7 is another process flow diagram that shows 
the exemplary scenario for scoring operation in a system for 
validating a report generated by a report generating model, 
in accordance with an embodiment of the present disclosure. 
10017] FIG. 8 is a flowchart that illustrates an exemplary 
method of validating a report generated by a report generat-
ing model, in accordance with an embodiment of the 
disclosure. 

DETAILED DESCRIPTION OF THE DRAWINGS 

10018] Exemplary embodiments are described with refer-
ence to the accompanying drawings. Wherever convenient, 
the same reference numbers are used throughout the draw-
ings to refer to the same or like parts. While examples and 
features of disclosed principles are described herein, modi-
fications, adaptations, and other implementations are possi-
ble without departing from the spirit and scope of the dis-
closed embodiments. It is intended that the following 
detailed description be considered as exemplary only, with 
the true scope and spirit being indicated by the following 
claims. Additional illustrative embodiments are listed 
below. 
10019] The following described implementations may be 
found in the disclosed method and system for validating a 
report generated by a report generating model, based on an
Artificial Intelligence (Al) based model. Exemplary aspects 
of the disclosure provide a system for validating the report 
associated with detection and classification of anomalies 
from digital X-ray radiographs for real-time inference, 
while maintaining a prediction accuracy for image class 
associated with classification of anomalies from digital X-
ray radiographs. 
10020] The disclosed system and method may be used for 
validating a report generated by a report generating model. 
The disclosed system may use Al models to detect clinically 
meaningful radiological findings (such as, chest X-ray find-
ings) as effectively as experienced radiologists. The dis-
closed system may facilitate generation of reports based on 
the validation of the reports, and consequently, the results 
may be returned to patients quickly, which aids in medical 
decision making. The various biases, lack of knowledge, or 
clerical errors made in the process of observing diagnostic 
images (such as, digital X-ray radiographs) may be mini-
mized with the disclosed system. The reports may be popu-
lated based on the validation of the reports that can save 
time for human clinicians, and identify measurements or 
values that qualify as abnormal, thereby reducing workilow 
burdens on the human clinicians. 
10021] FIG. 1 is a block diagram that illustrates an envir-
onment for a system of validating a report generated by a 
report generating model, in accordance with an embodiment 
of the disclosure. With reference to FIG. 1, there is shown an
environment 100. The environment 100 includes a system 
102, a database 104, an external device 106, and a commu-
nication network 108. The system 102 may be communica-
tively coupled to the database 104 and the external device 
106, via the communication network 108. In some embodi-
ments, the system 102 may include an Al model 110, for 
example, as part of an application stored in memory of the 
system 102. 
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10022] The system 102 may include suitable logic, circui-
try, interfaces, and/or code that may be configured to vali-
date the report received from the database 104 using the AT 
model 110. The report may be generated by a report gener-
ating model and stored in the database 104. The AT model 
110 may be trained to extract a radiological finding from the 
report. In accordance with an embodiment, the report may 
include an image (such as, digital X-ray radiograph). To 
extract the radiological finding from the report, the AT 
model 110 may be configured to extract one or more features 
of anomalies from the image. Additionally, the Al model 
110, may be trained to generate textual sentence(s) that cor-
respond to a textual description that may be readable by a 
radiologist to know a condition of a patient in a structured 
manner. The Al model 110, once trained, may be deployable 
for applications (such as, a diagnostic application) which 
may take actions or generate real-time or near real-time 
inferences. By way of an example, the system 102 may be 
implemented as a plurality of distributed cloud-based 
resources by use of several technologies that are well 
known to those skilled in the art. Other examples of imple-
mentation of the system 102 may include, but are not limited 
to, medical diagnostic equipment, a web/cloud server, an 
application server, a media server, and a Consumer Electro-
nic (CE) device. 
10023] The database 104 may include suitable logic, cir-
cuitry, interfaces, and/or code that may be configured to 
store data received, utilized and processed by the system 
102. The data may correspond to output data from the report 
associated with anomaly detection in the image. The output 
data may include at least one textual sentence and an actual 
inference corresponding to anomaly. The actual inference 
may include at least one textual sentence. In accordance 
with an embodiment, the database 104 may store a plurality 
of images (such as, digital X-ray radiographs) that are used 
to train the AT model 110 by the system 102, or as an input to 
the trained AT model 110 of the system in a test environment 
(e.g., for benchmarking) or in an application-specific 
deployment, e.g., applications related to anomaly detection. 
10024] Tn accordance with an embodiment, the database 
104 may store Digital Imaging and Communications in 
Medicine (DICOM) data. In accordance with an embodi-
ment, the database 104 may store, exchange, and transmit 
medical images. The medical images may correspond to, 
but not limited to, radiography images, ultrasonography 
images, Computed Tomography (CT) scan images, Mag-
netic Resonance Imaging (MRI) images, and radiation ther-
apy images. In accordance with another embodiment, the 
database 104 may store a final result and/or report generated 
by the system 102. 
10025] Although in FIG. 1, the system 102 and the data-
base 104 are shown as two separate entities, this disclosure 
is not so limited. Accordingly, in some embodiments, the 
entire functionality of the database 104 may be included in 
the system 102, without a deviation from scope of the 
disclosure. 
10026] The external device 106 may include suitable 
logic, circuitry, interfaces, andlor code that may be config-
ured to deploy the AT model 110, as part of an application 
engine that may use the output of the AT model 110 to gen-
erate real or near-real time inferences, take decisions, or out-
put prediction results for diagnosis of diseases. The AT 
model 110 may be deployed on the external device 106 
once the AT model 110 is trained on the system 102. The 
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functionalities of the external device 106 may be implemen-
ted in portable devices, such as a high-speed computing 
device, and/or non-portable devices, such as a server. Exam-
ples of the external device 106 may include, but are not lim-
ited to, medical diagnosis equipment, a smart phone, a 
mobile device, or a laptop. 
10027] The communication network 108 may include a 
communication medium through which the system 102, 
the database 104, and the external device 106 may commu-
nicate with each other. Examples of the communication net-
work 108 may include, but are not limited to, the Internet, a 
cloud network, a Wireless Fidelity (Wi-Fi) network, a Per-
sonal Area Network (PAN), a Local Area Network (LAN), 
or a Metropolitan Area Network (MAN). Various devices in 
the environment 100 may be configured to connect to the 
communication network 108, in accordance with various 
wired and wireless communication protocols. Examples of 
such wired and wireless communication protocols may 
include, but are not limited to, a Transmission Control Pro-
tocol and Internet Protocol (TCP/IP), User Datagram Proto-
col (UDP), Hypertext Transfer Protocol (HTTP), File Trans-
fer Protocol (FTP), Zig Bee, EDGE, IEEE 802.11, light 
fidelity(Li-Fi), 802.16, IEEE 802.11s, IEEE 802.11g. 
multi-hop communication, wireless access point (AP), 
device to device communication, cellular communication 
protocols, and Bluetooth (BT) communication protocols. 
10028] The AT model 110 may be referred to as a compu-
tational network or a system of artificial neurons, where 
each Neural Network (NN) layer of the AT model 110 
includes artificial neurons as nodes. Outputs of all the 
nodes in the AT model 110 may be coupled to at least one 
node of preceding or succeeding NN layer(s) of the AT 
model 110. Similarly, inputs of all the nodes in the AT 
model 110 may be coupled to at least one node of preceding 
or succeeding INN layer(s) of the Al model 110. Node(s) in a 
final layer of the AT model 110 may receive inputs from at 
least one previous layer. A number of NN layers and a num-
ber of nodes in each INN layer may be determined from 
hyperparameters of the AT model 110. Such hyperpara-
meters may be set before or while training the AT model 
110 on a training dataset of images. 
10029] Each node in the Al model 110 may correspond to 
a mathematical function with a set of parameters, tunable 
while the AT model 110 is trained. These parameters may 
include, for example, a weight parameter, a regularization 
parameter, and the like. Each node may use the mathemati-
cal function to compute an output based on one or more 
inputs from nodes in other layer(s) (e.g., previous layer(s)) 
of the Al model 110. 
10030] The Al model 110 may include electronic data, 
such as, for example, a software program, code of the soft-
ware program, libraries, applications, scripts, or other logic/ 
instructions for execution by a processing device, such as 
the system 102 and the external device 106. Additionally, 
or alternatively, the Al model 110 may be implemented 
using hardware, such as a processor, a microprocessor 
(e.g., to perform or control performance of one or more 
operations), a field-programmable gate array (FPGA), or 
an application-specific integrated circuit (ASIC). In some 
embodiments, the Al model 110 may be implemented 
using a combination of both the hardware and the software 
program. 
10031] The Al model 110 may include a first AT model and 
a second AT model (not shown in FIG. 1). In accordance 
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with an embodiment, the first Al model may correspond to a 
deep machine learning model (such as, a convolutional 
neural network model). In accordance with an embodiment, 
the second Al model may correspond to, a natural language 
processing (NLP) model (such as, a Long Short-Term Mem-
ory (LSTM) model and Transformers). In accordance with 
an embodiment, The Al model 110 may implement a deep 
machine learning model and a natural language processing 
(NLP) model. In accordance with an embodiment, the train-
ing of the Al model 110 may be performed to detect a plur-
ality of abnormalities from a set of radiography images (i.e. 
a chest X-ray images). The Al model 110 may be trained to 
classify each of the plurality of abnormalities into a set of 
abnormality on the basis of their type and create a plurality 
of visual indicators on each of the set of abnormality. 
10032] FIG. 2 is a block diagram of an exemplary system 
for validating a report generated by a report generating 
model using an Al based model, in accordance with an 
embodiment of the disclosure. FIG. 2 is explained in con-
junction with elements from FIG. 1. 
10033] With reference to FIG. 2, there is shown a block 
diagram 200 of the system 102. The system 102 may include 
a processor 202, a memory 204, an input/output (I/O) device 
206, a network interface 208, an application interface 210, 
and a persistent data storage 212. The system 102 may also 
include the Al model 110, as part of, for example, a software 
application for validating a report generated by a report gen-
erating model. The processor 202 may be communicatively 
coupled to the memory 204, the 110 device 206, the network 
interface 208, the application interface 210, and the persis-
tent data storage 212. In one or more embodiments, the sys-
tem 102 may also include a provisionlfunctionality to store 
images. 
10034] The processor 202 may include suitable logic, cir-
cuitry, interfaces, and/or code that may be configured to 
validate output (or output data) from a report generating 
model. The processor 202 may be implemented based on a 
number of processor technologies, which may be known to 
one ordinarily skilled in the art. Examples of implementa-
tions of the processor 202 may be a Graphics Processing 
Unit (GPU), a Reduced Instruction Set Computing (RISC) 
processor, an Application-Specific Integrated Circuit 
(ASIC) processor, a Complex Instruction Set Computing 
(CISC) processor, a microcontroller, Artificial Intelligence 
(Al) accelerator chips, a co-processor, a central processing 
unit (CPU), and/or a combination thereof 
10035] The memory 204 may include suitable logic, cir-
cuitry, and/or interfaces that may be configured to store 
instructions executable by the processor 202. Additionally, 
the memory 204 may be configured to store program code of 
the Al model 110 and/or the software application that may 
incorporate the program code of the Al model 110. Exam-
ples of implementation of the memory 204 may include, but 
are not limited to, Random Access Memory (RAM), Read 
Only Memory (ROM), Electrically Erasable Programmable 
Read-Only Memory (EEPROM), Hard Disk Drive (HDD), a 
Solid-State Drive (SSD), a CPU cache, and/or a Secure 
Digital (SD) card. 
10036] The 110 device 206 may include suitable logic, cir-
cuitry, andlor interfaces that may be configured to act as an 
I/O interface between a user and the system 102. The user 
may include a general practitioner or a radiologist who oper-
ates the system 102 for performing a screening test of a 
patient, or a patient who undergoes a screening test for 
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anomaly detection. The I/O device 206 may include various 
input and output devices, which may be configured to com-
municate with different operational components of the sys-
tem 102. Examples of the 110 device 206 may include, but 
are not limited to, a touch screen, a keyboard, a mouse, a 
joystick, a microphone, and a display screen. 
10037] The network interface 208 may include suitable 
logic, circuitry, interfaces, and/or code that may be config-
ured to facilitate different components of the system 102 to 
communicate with other devices, such as the external device 
106, in the environment 100, via the communication net-
work 108. The network interface 208 may be configured to 
implement known technologies to support wired or wireless 
communication. Components of the network interface 208 
may include, but are not limited to an antenna, a radio fre-
quency (RF) transceiver, one or more amplifiers, a tuner, 
one or more oscillators, a digital signal processor, a coder-
decoder (CODEC) chipset, an identity module, and/or a 
local buffer. 
10038] The network interface 208 may be configured to 
communicate via offline and online wireless communication 
with networks, such as the Internet, an Intranet, and/or a 
wireless network, such as a cellular telephone network, a 
wireless local area network (WLAN), personal area net-
work, and/or a metropolitan area network (MAN). The wire-
less communication may use any of a plurality of commu-
nication standards, protocols and technologies, such as 
Global System for Mobile Communications (GSM), 
Enhanced Data GSM Environment (EDGE), wideband 
code division multiple access (W-CDMA), code division 
multiple access (CDMA), LTE, time division multiple 
access (TDMA), Bluetooth, Wireless Fidelity (Wi-Fi) 
(such as IEEE 802.11, IEEE 802.11b, IEEE 802.11g. IEEE 
802.1 ln, and/or any other IEEE 802.11 protocol), voice over 
Internet Protocol (VoIP), Wi-MAX, Internet-of-Things 
(loT) technology, Machine-Type-Communication (MTC) 
technology, a protocol for email, instant messaging, andlor 
Short Message Service (SMS). 
10039] The application interface 210 may be configured as 
a medium for the user to interact with the system 102. The 
application interface 210 may be configured to have a 
dynamic interface that may change in accordance with pre-
ferences set by the user and configuration of the system 102. 
In some embodiments, the application interface 210 may 
correspond to a user interface of one or more applications 
installed on the system 102. 
10040] The persistent data storage 212 may include suita-
ble logic, circuitry, and/or interfaces that may be configured 
to store program instructions executable by the processor 
202, operating systems, and/or application-specific informa-
tion, such as logs and application-specific databases. The 
persistent data storage 212 may include a computer-readable 
storage media for carrying or having computer-executable 
instructions or data structures stored thereon. Such compu-
ter-readable storage media may include any available media 
that may be accessed by a general-purpose or special-pur-
pose computer, such as the processor 202. 
10041] By way of example, and not limitation, such com-
puter-readable storage media may include tangible or non-
transitory computer-readable storage media including, but 
not limited to, Compact Disc Read-Only Memory (CD-
ROM) or other optical disk storage, magnetic disk storage 
or other magnetic storage devices (e.g., Hard-Disk Drive 
(HDD)), flash memory devices (e.g., Solid State Drive 
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(SSD), Secure Digital (SD) card, other solid state memory 
devices), or any other storage medium which may be used to 
carry or store particular program code in the form of com-
puter-executable instructions or data structures and which 
may be accessed by a general-purpose or special-purpose 
computer. Combinations of the above may also be included 
within the scope of computer-readable storage media. 
10042] Computer-executable instructions may include, for 
example, instructions and data configured to cause the pro-
cessor 202 to perform a certain operation or a set of opera-
tions associated with the system 102. The functions or 
operations executed by the system 102, as described in 
FIG. 1, may be performed by the processor 202. In accor-
dance with an embodiment, additionally, or alternatively, the 
operations of the processor 202 are performed by various 
modules that are described in detail, for example, in FIG. 3. 
10043] FIG. 3 is a functional block diagram 300 that illus-
trates various modules of a system for validating a report 
generated by a report generating model, in accordance 
with an embodiment of the disclosure. FIG. 3 is explained 
in conjunction with elements from FIG. 1 and FIG. 2. 
10044] With reference to FIG. 3, there is shown input data 
302, a receipt module 304, a tokenization module 306, a 
preprocessing module 308, a classification module 310, a 
comparison module 312, a validation module 314, a text 
generation module 316, a data repository 318, and output 
data 320. 
10045] The receipt module 304 of the system 102 may be 
configured to receive the input data 302. For example, the 
input data 302 may be received from the database 104. In 
accordance with an embodiment, the input data 302 may 
correspond to one or more images associated with a subject. 
In accordance with an embodiment, the one or more images 
may correspond to, but not limited to, X-ray radiographs, 
Computed Tomography (CT) scans, and Magnetic Reso-
nance Imaging (MRI) scans. In accordance with an embodi-
ment, the receipt module 304 may be configured to process 
the input data 302 based on image reconstruction techni-
ques. The examples for the image reconstruction techniques 
may include, but not limited to, a back-projection technique, 
an inverse Fourier transform technique, and a sparse recon-
struction technique. 
10046] The input data 302 to the system 102 may corre-
spond to, for example, a diagnostic scan or a textual report 
of a user (patient). The input data 302 may correspond to an 
anomaly detected in an image. The output may comprise at 
least one textual sentence. In accordance with an embodi-
ment, the classification module 310 may be configured to 
extract one or more features indicative of one or more 
anomalies from the image using a first Al model. It may 
be noted that the classification module 310 may implement 
a first AT model. It may be further noted that the first Al 
model may correspond to a Convolutional Neural Network 
(CNN) model. The CNN model may be modelled on a deep 
neural network architecture with multiple stages. The clas-
sification module 310 may be further configured to assign a 
label to each of the one or more features. In accordance with 
an embodiment, the classification module 310 may be con-
figured to classify the image upon assigning a label (or class 
label) to the image. In accordance with an embodiment, the 
classification module 310 may be configured to localize 
anomalies to identify location in the image. 
10047] In accordance with an embodiment, the text gen-
eration module 316 may be configured to generate at least 
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one textual sentence based on the label assigned to each of 
the one or more features using a second Al model. In accor-
dance with an embodiment, the second Al model may cor-
respond to a Long Short-Term Memory (LSTM) model and! 
or a transformer model. In accordance with an embodiment, 
the receipt module 304 of the system 102 may be further 
configured to receive an actual inference corresponding to 
the anomaly. The actual inference may comprise at least one 
textual sentence. It may be noted that the actual inference, in 
some embodiments, may be provided by a medical practi-
tioner/doctor based upon studying the one or more images 
associated with a subject (i.e., X-ray radiographs, CT scans, 
MRI scans, etc.). 
10048] After receiving of the image (input) data 302 (such 
as, the output from the report generating model) and the 
actual inference corresponding to the anomaly, the tokeniza-
tion module 306 may be configured to tokenize the output to 
generate a plurality of output tokens. For tokenization of the 
output, the at least one sentence may be split into a phrase or 
smaller units (output tokens), such as individual words or 
terms. In accordance with an embodiment, the tokenization 
module 306 may be further configured to tokenize the actual 
inference to generate a plurality of inference tokens. 
10049] In accordance with an embodiment, the preproces-
sing module 308 may be configured to preprocess the plur-
ality of output tokens to extract relevant tokens from each of 
the one or more sets of output tokens. Further, in accordance 
with an embodiment, the preprocessing module 308 may be 
configured to preprocess the plurality of inference tokens to 
extract relevant tokens from each of the one or more sets of 
inference tokens. In accordance with an embodiment, the 
preprocessing of a set of output tokens or a set of inference 
tokens associated with a category may be performed by the 
preprocessing module 308 based on a historical database 
corresponding to the category. The historical database may 
correspond to the data repository 318. 
10050] In accordance with an embodiment, the classifica-
tion module 310 may be further configured to classify the 
plurality of output tokens into one or more predetermined 
categories. Based on the classification, the classification 
module 310 may be configured to generate one or more 
sets of output tokens corresponding to the one or more pre-
determined categories. In other words, the plurality of out-
put tokens may be classified into the one or more predeter-
mined categories to obtain one or more sets corresponding 
to each of the categories. In accordance with an embodi-
ment, each of the one or more sets of output tokens may 
comprise at least one textual element. For example, one 
category may be an anomaly location category, i.e., a loca-
tion in the body part (e.g., chest) captured in the image 
where the anomaly may be present. Another category may 
be an anomaly type category, i.e., a type of anomaly (e.g., 
congestion, etc.) present in the body part captured in the 
image. A yet another category may be an anomaly extent 
category, i.e., an extent of anomaly (e.g., subtle/excess, 
large/small, etc.) present in the body part captured in the 
image. 
10051] In accordance with an embodiment, the classifica-
tion module 310 may be configured to classify the plurality 
of inference tokens into the one or more predetermined cate-
gories. Based on the classification, the classification module 
310 may be configured to generate one or more sets of infer-
ence tokens corresponding to the one or more predetermined 
categories. In accordance with an embodiment, each of the 
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one or more sets of inference tokens comprises at least one 
textual element. 
10052] In accordance with an embodiment, the compari-
son module 312 may be configured to compare the relevant 
tokens from each of the one or more sets of output tokens 
with the relevant tokens from a corresponding set of the one 
or more sets of inference tokens. Further, in accordance with 
an embodiment, the comparison module 312 may be config-
ured to compare each set of the one or more sets of output 
tokens with a corresponding set of the one or more sets of 
inference tokens. 
10053] In accordance with an embodiment, the validation 
module 314 may be configured to assign a match score to 
each set of the one or more sets of output tokens based on 
the comparison. The match score may be indicative of the 
degree of match between an associated set of output tokens 
and a corresponding set of inference tokens. In accordance 
with an embodiment, the validation module 314 may be 
further configured to determine a combined score for the 
output based on the match score assigned to each set of the 
one or more sets of output tokens. In accordance with an 
embodiment, the validation module 314 may be configured 
to validate the output based on the combined score. The 
validated output may correspond to the output data 320. In 
accordance with an embodiment, the output data 320 may be 
rendered as a report (a validated report) on a user device. 
10054] The data repository 318 may be configured to 
receive predicted image class outputs with class labels and 
probabilities from the classification module 310 and the text 
generation module 316. Further, the data repository 318 may 
be configured to store information that is required for pro-
cessing in run time. Such information may include X-ray 
radiographs, predicted classes, dataset of training images, 
dataset of test images, and reports generated by the report 
generating model. The data repository 318 may correspond 
to a high-speed data repository, such as, but not limited to, 
Redis, and N0SQL. 
10055] It should be noted that the system 102 may be 
implemented in programmable hardware devices such as 
programmable gate arrays, programmable array logic, pro-
grammable logic devices, or the like. Alternatively, the sys-
tem 102 may be implemented in software for execution by 
various types of processors. An identified engine/module of 
executable code may, for instance, include one or more phy-
sical or logical blocks of computer instructions which may, 
for instance, be organized as a component, module, proce-
dure, function, or other construct. Nevertheless, the execu-
tables of an identified engine/module need not be physically 
located together but may include disparate instructions 
stored in different locations which, when joined logically 
together, comprise the identified engine/module and achieve 
the stated purpose of the identified engine/module. Indeed, 
an engine or a module of executable code may be a single 
instruction, or many instructions, and may even be distrib-
uted over several different code segments, among different 
applications, and across several memory devices. 
10056] As will be appreciated by one skilled in the art, a 
variety of processes may be employed for validating a report 
generated by a report generating model. For example, the 
exemplary system 102 may validate the report, by the pro-
cess discussed herein. In particular, as will be appreciated by 
those of ordinary skill in the art, control logic and/or auto-
mated routines for performing the techniques and steps 
described herein may be implemented by the system 102 
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either by hardware, software, or combinations of hardware 
and software. For example, suitable code may be accessed 
and executed by the one or more processors on the system 
102 to perform some or all of the techniques described 
herein. Similarly, application specific integrated circuits 
(ASICs) configured to perform some or all the processes 
described herein may be included in the one or more proces-
sors on the system 102. 
10057] FIG. 4 is a process flow diagram 400 that illustrates 
exemplary operations for extracting radiological findings 
from a report generated by a report generating model using 
an Al based model, in accordance with an embodiment of 
the present disclosure. FIG. 4 is explained in conjunction 
with elements from FIG. 1, FIG. 2, and FIG. 3. With refer-
ence to FIG. 4, there is shown a diagram 400 that illustrates 
a set of operations for using an extraction model 402. In an 
embodiment, the extraction model 402 may be a Bidirec-
tional Encoder Representations from Transformers (BERT) 
model. In another embodiment, the extraction model 402 
may be any Natural Language Processing (NLP)-based 
encoder model. 
10058] The extraction model 402 may correspond to the 
Al model 110 of FIG. 1 and may be, for example, modelled 
on a deep neural network architecture with multiple stages. 
The extraction model may use attention mechanism for label 
extraction. The extraction model 402 may be pre-trained and 
fine-tuned for classification task of detecting anomalies in 
diagnostic images. In accordance with an embodiment, the 
last layer of the extraction model 402 may be trained for 
classification task. 
10059] A data acquisition 404 operation may be per-
formed. In accordance with an embodiment, the system 
102 may be configured to acquire input data. The input 
data may be received from the database 104. In accordance 
with an embodiment, the input data may correspond to one 
or more images associated with a subject. In accordance 
with an embodiment, the one or more images may corre-
spond to, but not limited to, X-ray radiographs, CT scans, 
PET scan, microscopy images and MRI scans. The input 
data may correspond to an output from a report generating 
model. The input data may be indicative of an anomaly 
detected in an image. The output from the report generating 
model may comprise at least one textual sentence. 
10060] A data pre-processing operation 406 may be per-
formed. In accordance with an embodiment, the system 
102 may be configured to pre-process the input data, such 
as, the at least one textual sentence from the report generat-
ing model, into a format that the extraction model 402 
understands. The data pre-processing operation on the at 
least one textual sentence may include, but not limited to, 
a sentence extraction, a sentence clean up and a spell correc-
tion technique. In some embodiments, after sentence for-
matting by using the data processing operations, the pro-
cessed input data may be fed to an encoder (not shown in 
FIG. 4) of the extraction model 402. 
10061] The extraction model 402 may be trained on a 
training set of images that can be assigned with multiple 
categories represented as a set of target labels, and the 
extraction model 402 may predict the label set of test data 
(input data). The processed input data may be tokenized by 
the system using the extraction model 402. The tokenization 
may include breaking up of input data (at least one textual 
sentence) into individual words (tokens). The tokens used 
by the extraction model 402 may identify start and end of 
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the at least one sentence, may append "index" and "seg-
ment" tokens to each input to the extraction model 402. 
10062] A multi-label text classification operation 408 may 
be performed. In accordance with an embodiment, in the 
multi-label text classification, the pre-processed input data 
may be classified in to one or more than one class. Multi 
labels may be non-exclusive labels. The system 102 may 
be configured to classify the text (the at least one sentence) 
with label and may be classified in to one or more than one 
class. The classified input data may correspond to radiolo-
gical findings label data 410. 
10063] FIG. 5 is a process flow block diagram 500 that 
illustrates exemplary operations for convolution attention-
based sentence reconstruction and scoring (CARES) using 
an Al based model, in accordance with an embodiment of 
the present disclosure. FIG. 5 is explained in conjunction 
with elements from FIG. ito FIG. 4. 
10064] At step 502, an image may be received. At step 
504, CNN based feature extraction may be performed on 
the received image. The the classification module 310 may 
be configured to extract one or more features indicative of 
one or more anomalies from the image using a first Al 
model. In accordance with an embodiment, the first Al 
model may correspond to a Convolutional Neural Network 
(CNN) model. 
10065] At step 506, label assigning operation may be per-
formed. To this end, the classification module 310 may be 
configured to assign labels (such as, label 1, label 2.....label 
N) to the one or more features. The CNN model may use 
attention-based mechanism to assign the labels. 
10066] At step 508, sentence generation operation may be 
performed. The text generation module 316 may be config-
ured to generate at least one textual sentence (such as, sen-
tence 1, sentence 2, up to sentence N) based on the labels 
(such as, label 1, label 2...label N) assigned to each of the 
one or more features using a second Al model. The second 
Al model may correspond to a Long Short-Term Memory 
(LSTM) model and a transformer model. 
10067] At step 510, scoring operation may be performed. 
The sentences (such as, sentence 1, sentence 2, up to sen-
tence N) may be tokenized into smaller units (output 
tokens). In accordance with an embodiment, the tokeniza-
tion module 306 may be configured to tokenize actual infer-
ence to generate a plurality of inference tokens. In accor-
dance with an embodiment, the classification module 310 
may be configured to classify output tokens into one or 
more predetermined categories. Based on the classification, 
the classification module 310 may be configured to generate 
one or more sets of output tokens corresponding to the one 
or more predetermined categories. Each of the one or more 
sets of output tokens may comprise at least one textual 
element. 
10068] The classification module 310 may be further con-
figured to classify inference tokens into the one or more pre-
determined categories. Based on the classification, the clas-
sification module 310 may be configured to generate one or 
more sets of inference tokens corresponding to the one or 
more predetermined categories. Each of the one or more 
sets of inference tokens comprises at least one textual ele-
ment. The comparison module 312 may be configured to 
compare the relevant tokens from each of the one or more 
sets of output tokens with the relevant tokens from a corre-
sponding set of the one or more sets of inference tokens. 
Further, the comparison module 312 may be configured to 
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compare each set of the one or more sets of output tokens 
with a corresponding set of the one or more sets of inference 
tokens. 
10069] The validation module 314 may be configured to 
assign a match score (i.e., at step 510) to each set of the 
one or more sets of output tokens based on the comparison. 
The match score may be indicative of the degree of match 
between an associated set of output tokens and a corre-
sponding set of inference tokens. The validation module 
314 may be configured to determine a combined score for 
the output based on the match score assigned to each set of 
the one or more sets of output tokens. The validation module 
314 may be configured to validate the output based on the 
combined score. The validated output may correspond to 
output data. The output data may be rendered as a report (a 
validated report) on a user device. The scoring operation is 
explained with an exemplary scenario in FIG. 6. 
10070] FIG. 6 is a process flow diagram 600 that shows an
exemplary scenario for scoring operation in a system for 
validating a report generated by a report generating model, 
in accordance with an embodiment of the present disclosure. 
FIG. 6 is explained in conjunction with elements from FIG. 
ito FIG. 5. 
10071] In accordance with an embodiment, an original 
impression 602 of an image associated with a subject may 
have visual indicators that may highlight a region of interest 
specifically. The original impression 602 may correspond to 
ground truth data, for example, inference provided by a 
medical practitioner/doctor based on their study of the one 
or more images associated with a subject. In the example 
scenario, as shown in FIG. 6, the original impression is 
"Subtle haziness present in right mid and lower zone". The 
region of interest may be indicative of a location of a body 
part/organ where an anomaly may be present. For example, 
subtle haziness (anomaly) present in the right mid and lower 
zone (location) of the body part/organ. 
10072] The Al impression 604 is the inference/prediction 
generated by the Al model 110 corresponding to the same 
image associated with the subject. For example, as shown in 
FIG. 6, the Al impression 604 is "Consolidation seen in the 
right zone". As it will be noted, the Al impression 604 gen-
erated by the Al model 110 may not be exactly same as the 
original impression 602 provided by the medical practi-
tioner/doctor based on the study of the images associated 
with the subject. 
10073] Thereafter, the original impression tokens may be 
compared with corresponding Al impression tokens to 
determine a degree of match. To this end, first, the original 
impression 602 may be tokenized to generate original 
impression tokens, such as "haziness", "right", "mid", and 
"lower". Similarly, the Alimpression 604 may be tokenized 
to generate Alimpression tokens, such as "consolidation" 
and "right". Thereafter, the original impression tokens may 
be categorized into a "finding" category and a "location" 
category. For example, in this case, the token "haziness" is 
categorized in the "finding" category and a set of tokens 
"right", "mid", and "lower" are categorized in the "location" 
category. Further, the Al impression tokens may be categor-
ized into the "finding" category and the "location" category. 
For example, in this case, the token "consolidation" is cate-
gorized in the "finding" category and the token "right" is 
categorized in the "location" category. 
10074] The validation module 314 may be configured to 
comparing each of the tokens or the sets of original impres-
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sion tokens with a corresponding token or set of Al impres-
sion tokens, and assign a match score 606 to each set of the 
one or more sets of original impression tokens based on the 
comparison. The match score may be indicative of the 
degree of match between the original impression 602 and 
the Alimpression 604. In accordance with an embodiment, 
"haziness" from the original impression 602 may be equiva-
lent to "consolidation" of the Al impression 604. In accor-
dance with an embodiment, localization may be performed 
by the system 102 by identifying a location of the region of 
interest in the image. Based on the localization, the location 
match for "right mid and lower zone" from the original 
impression 602 may be equivalent to "right zone" of the 
Al impression 604. The match score may be referred as 
Radiological Finding Quality Index (RFQI) 608. The vali-
dation module 314 may be configured to determine a com-
bined score for output based on the match score assigned to 
the original impression 602 and the Al impression 604. The 
validation module 314 may be configured to validate the 
output based on the combined score. The validated output 
may correspond to output data. The output data may be ren-
dered as a report (a validated report) on a user device. In this 
example, as shown in FIG. 6, there is high degree of match 
between each of the original impression tokens or the sets of 
original impression tokens and corresponding Al impres-
sion tokens or the set of Al impression tokens. As such, a 
combined match score of "1" is assigned to the Al impres-
sion, and the Al impression is, therefore, validated. 
10075] FIG. 7 is another process flow diagram 700 that 
shows the exemplary scenario for scoring operation for vali-
dating the report generated by AT model, in accordance with 
an embodiment of the present disclosure. 
10076] A ground truth 702A (corresponding to original 
impression 602) of an image associated with a subject is 
received. Further, an Al output 702B (corresponding to Al 
impression 604) is received. Thereafter, the ground truth 
702A may be tokenized to generate ground truth tokens 
704A, such as "subtle," "haziness" and "right". The Al out-
put 702B may be tokenized to generate Al output tokens 
704B, such as "consolidation", "seen", and "right". 
10077] Further, the ground truth tokens "subtle" and "hazi-
ness" may be categorized in the "finding" category, upon 
referencing a database 706A (in particular, a finding data-
base). The ground truth token "right" may be categorized in 
the "location" category, upon referencing the database 706A 
(in particular, a location database). In some embodiments, a 
key 708A may be selected from each of the "finding" cate-
gory and the "location" category. For example, "haziness" 
may be selected as key-Al and "right' may be selected as 
key-A2. 
10078] Similarly, Al output tokens "consolidation" and 
"seen" may be categorized in the "finding" category, based 
on referencing with a database 706B (in particular, a finding 
database). The AT output token "right" may be categorized 
in the "location" category, based on referencing with the 
database 706B (in particular, a location database). Further, 
a key 708B may be selected from each of the "finding" cate-
gory and the "location" category. For example, "consolida-
tion" may be selected as key-B 1 and "right' may be selected 
as key-B2. 
10079] A combined match score 710 may be calculated. 
To this end, an individual match score may be assigned to 
each of the keys key-B 1 and key-B2 based on their compar-
ison with the key-Al and key-A2, respectively, and further 
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based on the degree of match. For example, a highest match 
score 0.5 may be assigned to each the keys key-Bl and key-
B2 in case of high degree of match. As such, in the current 
example, the key-B 1 and key-B2 may be assigned the high-
est match score 0.5 due to high degree of match. As it will be 
understood, the key Bl ("consolidation") essentially 
matches with the key Al ("haziness"). Similarly, the key 
B2 ("right") also exactly matches with the key A2 
("right"). The combined match score 710 is calculated as a 
sum of the individual match scores assigned to each of the 
keys key-Bl and key-B2, i.e., 0.5+0.5=1, indicating a high 
degree of match. Therefore, the Al output is validated as 
being closely matching with the ground truth. FIG. 8 is a 
flowchart that illustrates an exemplary method of validating 
a report generated by a report generating model, in accor-
dance with an embodiment of the disclosure. With reference 
to FIG. 8, there is shown a flowchart 800. The operations of 
the exemplary method may be executed by any computing 
system, for example, by the system 102 of FIG. 1. The 
operations of the flowchart 800 may start at 802 and proceed 
to 804. 
10080] At 802, an output from the report generating model 
and an actual inference corresponding to the anomaly may 
be received. In accordance with an embodiment, the receipt 
module 304 of the system 102 may be configured to receive 
an output from the report generating model. The output may 
correspond to an anomaly detected in an image. The output 
may comprise at least one textual sentence. In accordance 
with an embodiment, the receipt module 304 may be config-
ured to receive an actual inference corresponding to the 
anomaly. The actual inference may comprise at least one 
textual sentence. The image may correspond to one of an 
X-ray image or a Magnetic Resonance Imaging (MRI) 
scan image. 
10081] At 804, the output may be tokenized to generate a 
plurality of output tokens and the actual inference may be 
tokenized to generate a plurality of inference tokens may be 
tokenized. The tokenization module 306 may be configured 
to tokenize the output to generate a plurality of output 
tokens. For tokenization of the output, the at least one sen-
tence may be split into a phrase or smaller units (output 
tokens), such as individual words or terms. In accordance 
with an embodiment, the tokenization module 306 may be 
configured to tokenize the actual inference to generate a 
plurality of inference tokens. 
10082] At 806, the plurality of output tokens may be clas-
sified into one or more predetermined categories and the 
plurality of inference tokens may be classified into the one 
or more predetermined categories. In accordance with an 
embodiment, the classification module 310 may be config-
ured to classify the plurality of output tokens into one or 
more predetermined categories to generate one or more 
sets of output tokens corresponding to the one or more pre-
determined categories. Each of the one or more sets of out-
put tokens may comprise at least one textual element. 
10083] In accordance with an embodiment, the classifica-
tion module 310 may be configured to classify the plurality 
of inference tokens into the one or more predetermined cate-
gories to generate one or more sets of inference tokens cor-
responding to the one or more predetermined categories. 
Each of the one or more sets of inference tokens may com-
prise at least one textual element. 
10084] At 808, each set of the one or more sets of output 
tokens may be compared with a corresponding set of the one 
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or more sets of inference tokens. In accordance with an 
embodiment, the comparison module 312 may be config-
ured to compare each set of the one or more sets of output 
tokens with a corresponding set of the one or more sets of 
inference tokens. 
10085] At 810, a match score may be assigned to each set 
of the one or more sets of output tokens based on the com-
parison. In accordance with an embodiment, the validation 
module 314 may be configured to assign each set of the one 
or more sets of output tokens based on the comparison. The 
match score may be indicative of the degree of match 
between an associated set of output tokens and a corre-
sponding set of inference tokens. 
10086] At 812, a combined score may be determined for 
the output based on the match score assigned to each set of 
the one or more sets of output tokens. In accordance with an 
embodiment, the validation module 314 may be configured 
to determine the combined score for the output based on the 
match score assigned to each set of the one or more sets of 
output tokens. 
10087] At 814, the output may be validated based on the 
combined score. In accordance with an embodiment, the 
validation module 314 may be configured to validate the 
output based on the combined score. In accordance with an 
embodiment, the output data 320 may be rendered as a 
report (a validated report) on a user device. The control 
passes to the end. 
10088] Furthermore, one or more computer-readable sto-
rage media may be utilized in implementing embodiments 
consistent with the present disclosure. A computer-readable 
storage medium refers to any type of physical memory on 
which information or data readable by a processor may be 
stored. Thus, a computer-readable storage medium may 
store instructions for execution by one or more processors, 
including instructions for causing the processor(s) to per-
form steps or stages consistent with the embodiments 
described herein. The term "computer-readable medium" 
should be understood to include tangible items and exclude 
carrier waves and transient signals, i.e., be non-transitory. 
Examples include random access memory (RAM), read-
only memory (ROM), volatile memory, nonvolatile mem-
ory, hard drives, CD ROMs, DVDs, flash drives, disks, 
and any other known physical storage media. 
10089] It will be appreciated that, for clarity purposes, the 
above description has described embodiments of the disclo-
sure with reference to different functional units and proces-
sors. However, it will be apparent that any suitable distribu-
tion of functionality between different functional units, 
processors or domains may be used without detracting 
from the disclosure. For example, functionality illustrated 
to be performed by separate processors or controllers may 
be performed by the same processor or controller. Hence, 
references to specific functional units are only to be seen 
as references to suitable means for providing the described 
functionality, rather than indicative of a strict logical or phy-
sical structure or organization. 
10090] Although the present disclosure has been described 
in connection with some embodiments, it is not intended to 
be limited to the specific form set forth herein. Rather, the 
scope of the present disclosure is limited only by the claims. 
Additionally, although a feature may appear to be described 
in connection with particular embodiments, one skilled in 
the art would recognize that various features of the 
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described embodiments may be combined in accordance 
with the disclosure. 
10091] Furthermore, although individually listed, a plural-
ity of means, elements or process steps may be implemented 
by, for example, a single unit or processor. Additionally, 
although individual features may be included in different 
claims, these may possibly be advantageously combined, 
and the inclusion in different claims does not imply that a 
combination of features is not feasible and/or advantageous. 
Also, the inclusion of a feature in one category of claims 
does not imply a limitation to this category, but rather the 
feature may be equally applicable to other claim categories, 
as appropriate. 

What is claimed is: 
1. A method of validating a report generated by a report 

generating model, the method comprising: 
receiving: 

an output from the report generating model, wherein the 
output corresponds to an anomaly detected in an 
image, and wherein the output comprises at least one 
textual sentence; and 

an actual inference corresponding to the anomaly, 
wherein the actual inference comprises at least one 
textual sentence; 

tokenizing: 
the output to generate a plurality of output tokens; and 
the actual inference to generate a plurality of inference 

tokens; 
classifying: 

the plurality of output tokens into one or more predeter-
mined categories to generate one ormore sets ofoutput 
tokens corresponding to the one or more predeter-
mined categories, wherein each of the one or more 
sets ofoutput tokens comprises at least one textual ele-
ment; and 

the plurality of inference tokens into the one or more pre-
determined categories to generate one or more sets of 
inference tokens corresponding to the one or more pre-
determined categories, wherein each of the one or 
more sets of inference tokens comprises at least one 
textual element; and 

comparing each set of the one or more sets of output tokens 
with a corresponding set of the one or more sets of infer-
ence tokens; 

assigning a match score to each set of the one ormore sets of 
output tokens based on the comparison, wherein the 
match score is indicative of the degree of match between 
an associated set ofoutput tokens and a corresponding set 
of inference tokens; 

determining a combined score for the output based on the 
match score assigned to each set ofthe one or more sets of 
output tokens; and 

validating the output based on the combined score. 
2. The method as claimed in claim 1, wherein the image is 

one of an X-ray image or a Magnetic Resonance Imaging 
(MRI) scan image. 

3. The method as claimed in claim 1, further comprising: 
extracting one or more features indicative of one or more 

anomalies from the image using a first Al model, wherein 
the first AT model is a Convolutional Neural Network 
(CNN); and 

assigning a label to each of the one or more features. 
4. The method as claimed in claim 3, further comprising: 
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generating at least one textual sentence based on the label 
assigned to each of the one or more features using a sec-
ond AT model, whereon the second AT model is a Long 
Short-Term Memory (LSTM) model. 

5. The method as claimed in claim 1, further comprising 
preprocessing: 

the plurality of output tokens to extract relevant tokens 
from each of the one or more sets of output tokens; and 

the plurality of inference tokens to extract relevant tokens 
from each of the one or more sets of inference tokens. 

6. The method as claimed in c1aim5, wherein the preproces-
sing of a set of output tokens or a set of inference tokens asso-
ciated with a category is performed based on a historical data-
base conesponding to the category. 

7. The method as claimed in claim 5, wherein comparing 
each set of the one or more sets of output tokens with a cone-
sponding set of the one or more sets of inference tokens 
comprises: 

comparing the relevant tokens from each of the one or more 
sets of output tokens with the relevant tokens from a cor-
responding set of the one or more sets of inference 
tokens. 

8. A system for validating a report generated by a report 
generating model, the system comprising: 

a processor; and 
a memory communicatively coupled to the processor, 

wherein the memory stores processor-executable 
instructions, which, on execution, causes the processor 
to: 

receive: 
an output from the report generating model, wherein the 

output corresponds to an anomaly detected in an 
image, and wherein the output comprises at least one 
textual sentence; and 

an actual inference corresponding to the anomaly, 
wherein the actual inference comprises at least one 
textual sentence; 

tokenize: 
the output to generate a plurality of output tokens; and 
the actual inference to generate a plurality of inference 

tokens; 
classify: 

the plurality of output tokens into one or more predeter-
mined categories to generate one or more sets ofoutput 
tokens conesponding to the one or more predeter-
mined categories, wherein each of the one or more 
sets ofoutput tokens comprises at least one textual ele-
ment; and 

the plurality of inference tokens into the one or more pre-
determined categories to generate one or more sets of 
inference tokens conesponding to the one or more pre-
determined categories, wherein each of the one or 
more sets of inference tokens comprises at least one 
textual element; and 

compare each set of the one or more sets of output tokens 
with a corresponding set of the one or more sets of infer-
ence tokens; 

assign a match score to each set of the one or more sets of 
output tokens based on the comparison, wherein the 
match score is indicative of the degree ofmatch between 
an associated set of output tokens and a corresponding set 
of inference tokens; 

determine a combined score for the output based on the 
match score assigned to each set of the one or more sets 
of output tokens; and 
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validate the output based on the combined score. 
9. The system as claimed in claim 8, wherein the image is 

one of an X-ray image or a Magnetic Resonance Imaging 
(MRT) scan image. 

10. The system as claimed in claim 8, wherein the the pro-
cessor-executable instructions further cause the processor to: 

extract one or more features indicative of one or more 
anomalies from the image using a first AT model, wherein 
the first AT model is a Convolutional Neural Network 
(CNN); and 

assign a label to each of the one or more features. 
11. The system as claimed in claim 10, wherein the the pro-

cessor-executable instructions further cause the processor to: 
generate at least one textual sentence based on the label 

assigned to each of the one or more features using a sec-
ond AT model, whereon the second AT model is a Long 
Short-Term Memory (LSTM) model. 

12. The system as claimed in claim 8, wherein the the pro-
cessor-executable instructions further cause the processor to 
preprocess: 

the plurality of output tokens to extract relevant tokens 
from each of the one or more sets of output tokens; and 

the plurality of inference tokens to extract relevant tokens 
from each of the one or more sets of inference tokens. 

13. The system as claimed in claim 12, wherein the prepro-
cessing of a set of output tokens or a set of inference tokens 
associated with a category is performed based on a historical 
database conesponding to the category. 

14. The system as claimed in claim 12, wherein comparing 
each set of the one or more sets of output tokens with a corre-
sponding set of the one or more sets of inference tokens 
comprises: 

comparing the relevant tokens from each of the one or more 
sets of output tokens with the relevant tokens from a cor-
responding set of the one or more sets of inference 
tokens. 

15. A non-transitory computer-readable medium storing 
computer-executable instruction for generating recommen-
dation for a user, the computer-executable instructions con-
figured for: 

receiving: 
an output from the report generating model, wherein the 

output conesponds to an anomaly detected in an 
image, and wherein the output comprises at least one 
textual sentence; and 

an actual inference conesponding to the anomaly, 
wherein the actual inference comprises at least one 
textual sentence; 

tokenizing: 
the output to generate a plurality of output tokens; and 
the actual inference to generate a plurality of inference 

tokens; 
classifying: 

the plurality of output tokens into one or more predeter-
mined categories to generate one ormore sets ofoutput 
tokens corresponding to the one or more predeter-
mined categories, wherein each of the one or more 
sets ofoutput tokens comprises at least one textual ele-
ment; and 

the plurality of inference tokens into the one or more pre-
determined categories to generate one or more sets of 
inference tokens corresponding to the one or more pre-
determined categories, wherein each of the one or 
more sets of inference tokens comprises at least one 
textual element; and 
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comparing each set of the one or more sets of output tokens 
with a corresponding set of the one or more sets of infer-
ence tokens; 

assigning a match score to each set of the one or more sets of 
output tokens based on the comparison, wherein the 
match score is indicative of the degree ofmatch between 
an associated set of output tokens and a corresponding set 
of inference tokens; 

determining a combined score for the output based on the 
match score assigned to each set of the one ormore sets of 
output tokens; and 

validating the output based on the combined score. 
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