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ABSTRACT

Misdiagnosis is a critical issue in global health, leading to delayed treatments, exacerbating
conditions, and prolonged suffering. In the United States alone, diagnostic errors impact
approximately 12 million people annually, commonly misidentifying conditions such as
cardiovascular diseases, cancers, and infections. Rare diseases, affecting up to 400 million
people worldwide, often receive an average of three misdiagnoses per patient before reaching
an accurate diagnosis. From an economic perspective, misdiagnosis imposes a financial burden
nearing $1 trillion annually in the United States for rare diseases alone, with families bearing
over 60% of the costs. Systemically marginalized populations, including women and racial
minorities, are up to 30% more likely to be misdiagnosed, highlighting deeply rooted societal
inequities. The societal effects are compounded by clinical oversights, rushed consultations, and
a lack of diagnostic inclusivity. Furthermore, environmental consequences arise from repeated
diagnostic procedures and overprescription, especially in cases such as asthma, where
misdiagnosis rates exceed 50%. This mismanagement leads to overuse of high-emission inhalers
and improper pharmaceutical disposal, polluting aquatic ecosystems. To address these issues,
we are developing an advanced interactive web application, Sympify, which integrates
reputable symptom databases, including the Mayo Clinic. This application enables patients to
generate comprehensive diagnostic reports based on their symptoms using a Reverse-
Dictionary Algorithm. An initial experiment analyzing Sympify’s dataset found that fatigue and
COVID-19 were the most reported symptoms and conditions, with symptom frequencies ranging
from 1 to 160 and disease frequencies up to 214, revealing a skew toward common conditions.
These findings suggest the need to balance the dataset to avoid bias in Al predictions. Future
research will integrate public health data and expand Sympify’s multilingual capabilities and
EHR compatibility to enhance diagnostic accuracy, reduce bias, and further minimize
misdiagnosis rates.
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Clinical misdiagnosis and diagnostic errors are a heavily prevalent problem within the
healthcare field, and the ‘basic science’ of medical misdiagnosis remains underdeveloped
[1]. With an average misdiagnosis rate of 11.1% in the United States, many patients and
their families are hurt physically, mentally, and financially, resulting in close to 7 million
errors, 800,000 deaths/permanent disabilities per year and $750 billion lost annually [2-5].
Repeated doctor visits, lab tests, and wrong treatments contribute to pollution and carbon
emissions. Healthcare accounts for about 4.6% of global greenhouse gas emissions [6, 7]. In
particular, asthma has a high misdiagnosis rate—up to 53.4% globally. Many asthma
treatments rely on inhalers that have nearly 1,000 times the warming potential of carbon
dioxide [8, 9].

Studies have shown that unnecessary medication often contributes to pharmaceutical
pollution. Medications and waste end up in aquatic environments with active pharmaceutical
ingredients (APIs) killing large populations of marine life, disrupting biodiversity chains,
and changing hormonal balances when ingested. Consequently, most bodies of water with
the highest API amount are in lower-income areas or less-developed nations [10, 11].

Economically, prolonged diagnoses and repeated treatments worsen healthcare access and
strain limited resources. In 2019, 379 rare diseases cost nearly $1 trillion, with 60% of the
burden falling on families and society. Many misdiagnosed patients face up to 17 visits and
wait as long as 6 years for answers—an unaffordable path for most [12]. Systemic
disparities worsen this, with women and racial minorities 20-30% more likely to be
misdiagnosed than white men [13]. Solving these challenges demands innovative,
sustainable solutions that prioritize equity and well-being.

System-level issues such as unclear policies, inefficient workflows, poor interprofessional
collaboration, and breakdowns in communication are frequently cited contributors to
diagnostic errors. On the cognitive side, flawed reasoning processes, especially the tendency
to accept a diagnosis prematurely without fully considering other viable explanations, are
the leading cause of diagnostic mistakes [14]. However, the current procedures that
healthcare professionals and diagnostic apps follow aren’t mending these issues, as
misdiagnosis has a myriad of different causes [15]. Physicians will inevitably choose the
most likely diagnosis over the correct one, and our healthcare system, including third-party
diagnostic methods, is limited in its output, meaning that it can only provide its patients with
a limited view of their condition [16]. One example is how patients have a hard time
providing each aspect of the symptoms they’re suffering from when asked open-ended
questions like “What are your symptoms?”, even when there’s another person accompanying
them. This means that the ones asking these questions are often met with incomplete
responses and need to attempt to diagnose the patient without all the information. Another
example is how instead of offering patients the whole picture of their possible conditions,
doctors and diagnostic apps subjectively overlook certain conditions and only give patients a
few possibilities. Without properly showing patients their possible conditions, many rare and
uncommon diagnoses go overlooked and often take years to accurately diagnose. Lastly, a
patient’s condition isn’t as simple as yes or no. Many patients who suffer from the same
condition can experience differing symptoms, and patients experiencing similar symptoms
could be suffering from different conditions. Cases of multiple conditions at once are also
one of the leading causes of misdiagnosis, as the combination of two or more diseases
results in a plethora of different symptoms.

Several types of artificial intelligence are already being implemented across the healthcare
industry, including by insurance providers, clinical practitioners, and life sciences
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organizations [17]. In current medical environments, Al supports diagnostics, population
health management, patient engagement, adherence monitoring, and administrative tasks,
demonstrating its versatile role in improving healthcare delivery [18]. For example,
computer decision support has been associated with reduced inequities in the prevention of
deep vein thrombosis, likely by reducing implicit bias [19].

Sympify addresses misdiagnosis using a "Reverse-Dictionary Algorithm" that generates a
comprehensive list of potential conditions based on a patient’s reported symptoms. Unlike
current diagnostic methods, which focus on predicting a narrow set of likely conditions,
Sympify broadens the scope by including both common and rare possibilities, reducing the
risk of overlooked diagnoses. This approach is particularly effective for addressing
misdiagnoses arising from incomplete symptom descriptions, complex multi-condition
cases, or atypical presentations of diseases. Sympify’s solution stands out because it equips
patients with a detailed report of potential conditions that they can share with their doctors.
This report doesn’t replace clinical expertise but enhances it by ensuring that no possibilities
are prematurely ruled out. Patients can engage in more informed discussions with their
doctors, leading to a more accurate and collaborative diagnostic process. This approach
contrasts with existing Al diagnostic tools that often focus solely on high-probability
conditions, leaving rare or less likely diseases unexplored. By offering a complete picture of
possible conditions, Sympify directly addresses the root causes of misdiagnosis—Ilimited
diagnostic scopes and subjective prioritization of conditions. Additionally, it bridges
communication gaps between patients and doctors, ensuring critical information is not lost
during consultations. Its innovative design complements a physician's diagnostic skills,
making it a better solution than existing tools that focus narrowly on diagnosis accuracy
without considering the broader context of rare diseases or complex symptoms. Sympify
uniquely prioritizes transparency and inclusiveness, offering a transformative approach to
minimizing diagnostic errors.

2. CHALLENGES

In order to build the project, a few challenges have been identified as follows.

2.1. Data Quality Verification

Maintaining the quality of data fed into the Al is crucial to ensuring accurate and reliable
outputs. To address this challenge, we could implement rigorous data validation processes,
such as cross-referencing multiple reputable medical databases to ensure the accuracy and
relevance of the information. Additionally, we could establish a system for periodic updates
to incorporate the latest medical knowledge and remove outdated or erroneous data. Another
potential solution is using expert review panels consisting of healthcare professionals to vet
the data before integration. To minimize biases, we could employ diverse datasets
representing a wide range of demographics, conditions, and symptom patterns. By
prioritizing data quality through these measures, we ensure the Al provides dependable
diagnostic assistance while avoiding misinformation.

2.2. Build a Patient-Informed Dataset

To address the challenge of sourcing data, we could utilize the reports generated by Sympify
to collect valuable insights about symptom-condition correlations and trends in
misdiagnosed conditions. By analyzing these reports, we could identify patterns in how
specific symptoms relate to conditions and which conditions are frequently misdiagnosed.
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This data could then be used to train our Al model, enabling it to recognize these patterns
and improve its diagnostic accuracy. Additionally, by leveraging real-world feedback from
users and tracking outcomes over time, we could continuously refine the dataset, ensuring it
evolves with emerging medical trends and discoveries. This approach allows us to build a
robust, patient-informed dataset while ensuring the Al remains aligned with practical
diagnostic needs.

2.3. Building Diagnostic Reliability

To ensure the accuracy of our Al model, we could rely on a robust dataset comprising at
least 30,000 standard reports and 10,000 follow-up reports. The follow-up reports would
provide critical insights by allowing us to compare the Al-generated suggestions with actual
patient outcomes, including whether our report influenced the doctor’s decision-making and
the patient’s final diagnosis. By analyzing discrepancies between predicted and confirmed
diagnoses, we could identify areas for improvement in the AI’s algorithm. This iterative
process, combined with such a large volume of data points, would allow us to fine-tune the
model, ensuring it delivers consistently reliable and accurate results across a wide range of
cases.

3. METHOD ANALYSIS

Sympify is structured around a four-stage system designed to address clinical misdiagnosis
by providing patients with comprehensive and transparent diagnostic aid. The major
components that form the core of this system include the Symptom Input module, the
Reverse-Dictionary Algorithm, and the Report Generator. Together, these components guide
users through a streamlined process that transforms symptom descriptions into a detailed list
of potential conditions.

The system begins with the Symptom Input module, which employs a fuzzy search
capability to accommodate users who may not know the exact terminology for their
symptoms. This flexible input approach ensures inclusivity and accessibility, allowing users
to search using incomplete or imprecise terms. Once symptoms are entered, users proceed to
the Symptom Selection and Disease Searching phase, where they select from a refined list of
related symptoms curated by the system. This ensures that all relevant symptoms are
considered for diagnosis.

The selected symptoms are then passed to the Reverse-Dictionary Algorithm, which is the
analytical core of Sympify. This algorithm cross-references symptom combinations against a
database of diseases, using a scoring mechanism that accounts for symptom weight and
frequency. Instead of filtering down to the most probable conditions like traditional
diagnostic apps, Sympify expands the scope to include both common and rare possibilities,
addressing a key blind spot in modern diagnostics.

Finally, the system generates a report through the Report Generator. This output includes a
ranked list of potential conditions, supporting information, and references that the user can
share with medical professionals. The report is designed to foster meaningful doctor-patient
discussions, ensuring that no condition is prematurely overlooked.

Sympify was built using a combination of frontend and backend technologies and is hosted
on a cloud platform for accessibility. The front end supports a responsive layout optimized
for both mobile and desktop devices. The backend handles data processing and report
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generation, ensuring a smooth and reliable user experience. Together, these components
form a robust system capable of enhancing diagnostic accuracy and empowering patients in
their healthcare journey.
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Figure 1. System Overview
3.1. Symptom Input and Scoring System

One of the core components of Sympify is the Symptom Input and Scoring System, which
transforms user-entered symptom descriptions into a format that can be used by the Reverse-
Dictionary Algorithm. This component is critical because it acts as the user’s entry point
into the diagnostic process. It uses a fuzzy search interface and supports both desktop and
mobile layouts, ensuring accessibility across devices. This component is built using Vue.js
for the front end and supports internationalization, as seen in the usage of localized labels
like {{ $t("pc.enterDisease") }} and {{ $t("mobile.enterDisease") }}. Once the user inputs
symptoms, a custom throttling mechanism is triggered to avoid excessive execution of the
disease-scoring function, which ranks potential conditions based on the entered data.
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Figure 2. Disease Searching Ul

nc loadDiseaseData() {
, I
!
const dataFile =
this.$i18n.locale === "cn”
2 ait import(“@/assets/data/diseases chinese.json™)

await import("@/assets/data/diseases.json");

this.diseases = dataFile.default;
this.diseaseNames = Object.keys(this.diseases);
console.log(this.diseaseNames});

catch (error) {

console.error(“Failed to load disease data:", error);

Figure 3. Load Disease Function
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<template>
<div class="pc_page™>

<el-container style="height: 108vh™>

<el
<div class:

<div clas

"..fassets/img/pc/icon.png™ alt="" />
<fdiv>
<div class="home">
<img src="../fassets/img/pc/home_png™ alt="" />
</fdiv>
“jumphebsite() ">
fpc/file.png™ alt="" />
<fdiv>
</div>
<div class="sidebar right">
<div clas sidebar_right top™>
<div clas er”>

<div>{{ "pc.findDisease™) }}</div>
/assets/img/pc/lang.png”

@click="showlLangDialog"
/>
<fdiv>
<div class="content™>
<div class="sub_header™>{{ $t("pc.enterDisease™) }}</div>
<el-input
type="textarea”

ws="4"

:placeholder="$t('pc.addDiseasePlaceholder )"

Figure 4. Find Disease Function
3.2. Report Generator

The Report Generator is the final step of the Sympify diagnostic process and plays a vital
role in bridging Al-driven insights with real-world medical consultation. Once the Reverse-
Dictionary Algorithm processes the selected symptoms and ranks possible conditions, this
component formats and presents the data to the user. It displays a responsive, mobile-
friendly UI that lists predicted diseases in card form, using animations to enhance usability.
For each disease, the report includes names, symptom matches, and optional images to help
users understand the condition better. Each disease card contains multiple layers of
information, including the medical name, symptom match percentage, and a summary of the
condition. Where available, representative medical images or infographics may also be
embedded to provide visual context, helping users, especially those without medical
backgrounds, grasp the nature of each condition more clearly. The goal is not only to
suggest possible diagnoses but also to empower patients to engage in informed
conversations with healthcare professionals, armed with a better understanding of what their
symptoms might indicate. By distilling complex diagnostic algorithms into clear, digestible,
and actionable insights, the Report Generator ensures that Sympify remains not just a
diagnostic tool.
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handleScroll(event) {

this.throttle(this.processDiseaseScorin

setTimeout(() =

_predictedDiseases)

Figure 5. Report Generator Implementation

This component is implemented with js and supports internationalization, with content
dynamically switching between languages such as Chinese and English. A key strength of
this module is its ability to translate symptoms and disease names to the user’s selected
language, improving accessibility. The report is rendered on-screen and can also be exported
as a PDF using html2canvas and jsPDF, allowing patients to save or share the output with
healthcare professionals. This empowers users to bring a data-informed reference into their
medical consultations and facilitates clearer, more collaborative diagnosis discussions.

The code sample provided illustrates the core functionalities of the Report Generator in
Sympify. First, loadDiseaseData dynamically imports disease data in either English or
Chinese based on the user’s locale. This allows Sympify to support multiple languages for
broader accessibility. Once imported, the JSON dataset is parsed, and both disease content
and names are stored for later access.

The translateSymptom and translateDisease functions are utility methods that ensure
consistent display of terminology across languages. These methods search through the
disease dataset to find matching symptoms or disease names and return the appropriate
translated string. This is particularly useful for making Sympify accessible to non-English
speakers without sacrificing accuracy.

Finally, downloadPDF enables users to export the diagnostic report. It uses html2canvas to
capture the HTML content of the report section as an image and then embeds it into a PDF
using jsPDF. This functionality allows users to download a portable version of the report,
which can be shared with physicians for more informed consultations. Overall, this code
demonstrates how Sympify bridges data visualization, translation, and user empowerment in
one cohesive component.
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Figure 6. UI of the Report (Mobile)
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Figure 7. UI of the Report (Desktop)
3.3. Scroll-Based Symptom Selection Interface

The scroll-based symptom selection interface within the Sympify platform enables users to
interactively explore and identify possible medical conditions through a dynamic, mobile-
optimized Ul. The core functionality is powered by a Vue.js template that renders a
sequence of “disease card” elements conditionally displayed based on a cardState variable,
providing animated transitions as users scroll through different disease suggestions. The
component structure allows each disease card to include the disease name, a return
navigation icon (van-icon), symptom indicators, and an optional disease image loaded
dynamically via v-if="currentDiseaseName" and v-if="imageUrl". This setup ensures each
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card presents concise diagnostic content and a customizable visual aid to assist user
comprehension. As users scroll down and respond to symptom prompts—selecting "Yes,"
"No," or "Maybe"—the system continuously updates the "Symptom Profile" displayed on
the right-hand panel, refining its reverse-dictionary prediction model in real time. This
interaction model enables users to discover matching conditions not by inputting text or
searching directly but by progressively scrolling and matching their symptoms with
dynamically generated disease summaries. The approach not only simplifies the diagnostic
journey for users unfamiliar with medical terminology but also supports a more exploratory
and cognitively accessible user experience. This intuitive framework bridges the gap
between machine-generated insights and human-centered design, allowing the Sympify
platform to deliver high-impact diagnostic assistance that is both algorithmically robust and
user-friendly.

<template>
<div class="disease_page">
<div class="disease_page_ header”>
<div cl disease page header_left™>

<img sr /assets/img/mobile/logo.png” alt="" />

<div>{{ $t("mobile.sympifyAi") }}</div>

</div>
<div cl. disease_page_header right” @click="show = true">
<img sr fassets/img/mobile/more.png” a
</div>
</div>
<div class="disease_page_content”>
<div

disease_card”

: cardStat ‘enter’,
cardState leave',
show: cardState ==
3
>
<div class="disease_summary"s
<div cla se_name”>
<div cla: ase_name_left™>
<van-icon name="arrouw-left” size="25" @click="goBack()" />
<span>{{ currentDiseaseName || $t("mobile.noDiseaseAdded™) }}</span>
<fdiv>
«<div cla: isease_name_right™ @click="showDiseaseDetail = true"” v-if="currentDiseaseName™>
<img src="../assets/img/mobile/disease_info.png™ alt="" />
<fdiv>
</div>
«div cla ease_pic” v-if="currentDiseaseName™>

<img :sr ageUrl” alt="Image” v-if="imageUrl” />

<img src="../assets/img/mobile/disease.png” alt="" v-else />
Figure 8. Scrolling Down Feature
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Figure 9. UI of Scrolling Down Feature
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Figure 10. Ul of Disease Searching
3.4. User Interface Design

The user interface is implemented using Vue.js and Element UI components and is designed
for both desktop (pc_page) and mobile (mobile page) experiences. The layout is structured
within an el-container that houses a sidebar (el-aside) for navigation and main content areas
for disease and symptom interaction. The UI is intentionally minimalist, prioritizing
readability and responsiveness. The left sidebar allows users to enter diseases or symptoms
using fuzzy search logic. Once symptoms are submitted, the central area displays results or
important models—such as the disclaimer in the screenshot—which educates users about the
app’s limitations and emphasizes that the tool is not a substitute for professional medical
advice. The interface uses translation bindings (e.g., {{ $t("pc.enterDisease") }}) to support
multilingual experiences. Interactive elements like the “Explore Symptoms” button trigger
the search algorithm and dynamic report generation. Overall, this Ul component
successfully balances functionality with simplicity, making Sympify a user-friendly tool for
patients seeking diagnostic insights. This component is implemented using a responsive
layout compatible with both desktop and mobile views. It uses a three-column grid design to
help users interact with each function simultaneously—one column for inputting symptoms
or diseases, one for displaying disease results, and one for showing relevant symptoms or
educational material. The design uses components with support for internationalization,
ensuring a wide range of accessibility across regions.

4. EXPERIMENTS

4.1. Experiment 1: Dataset Bias Analysis
When using the app, what kind of data do we get, and is there any bias in this data?

This experiment was designed to analyze the central tendencies of the data collected through
Sympify’s reports, providing insights into patterns and potential biases in symptoms and
disease frequency. Using this data, we calculated mean, median, and range values for
occurrences of symptoms and predicted diseases, allowing us to identify outliers and trends.
The experiment was set up to ensure a straightforward approach—after downloading the
dataset, a few lines of code were sufficient to extract these key statistics. This design
prioritizes efficiency and reproducibility, making it accessible for ongoing analysis. By
comparing symptom and disease frequencies, we aimed to identify any potential biases, such
as overrepresentation of widely discussed conditions like COVID-19. These findings allow
us to refine our diagnostic models for improved accuracy. Although no external control data
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was used in this iteration, future analyses could incorporate balanced datasets from public
health repositories to better evaluate potential overrepresentation.

Top 20 Symptoms by Frequency

Fatigue

Headache

Cough

Nausea or vomiting
Diarthea

Congestion or runny nose
Sore throat

New loss of taste or smell
Muscle or body aches
Shortness of breath or
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Symptom

Shortness of breath
Nausea

Weakness

Irregular heartbeat
Chest pain or pressure
Seizures or coma
Confusion

Fluid retention

Decreased urine output

0 50 100 150 200

Occurrences

Figure 11. Descriptive Statistics of Symptom Frequency Distribution

Top 10 Predicted Diseases by Frequency

COVID-19

Acute Kidney Failure

Acute Coronary Syndrome
Abdominal Aortic Aneurysm

Acute Sinusitis

Discase

Acute Lympheocytic
Leukemia

Persistent depressive
disorder (dysthymia)

Adrenal Cancer

Depression

Hypertension, pregnancy-
related

Oecurrences

Figure 12. Descriptive Statistics of Disease Frequency Distribution

The analysis of Sympify’s dataset reveals notable trends in symptom and disease
occurrences. For symptoms, the mean frequency is 7.24, and the median is 2, with
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occurrences ranging from 1 to 160. For diseases, the mean is slightly higher at 10.4, the
median remains 2, and occurrences range from 1 to 214. Fatigue and COVID-19 dominate
their respective categories, reflecting an emphasis on widely recognized conditions and
recent global health crises. This skew in the data may stem from heightened public
awareness and reporting of prevalent illnesses, particularly during the COVID-19 pandemic.
Such bias highlights the need for a balanced dataset to ensure all conditions, including rarer
ones, are adequately represented. The prominence of high-frequency entries could
disproportionately influence predictive models, underscoring the importance of refining
symptom and disease data inputs to improve diagnostic accuracy and minimize misdiagnosis
risk.

4.2. Experiment 2: Diagnostic Accuracy Evaluation

How accurately does the Reverse-Dictionary Algorithm identify the correct diagnosis across
different disease categories?

This experiment evaluates the diagnostic accuracy of Sympify's core algorithm across six
major disease categories: Respiratory, Cardiovascular, Neurological, Gastrointestinal,
Dermatological, and Infectious diseases. A test dataset of 500 cases was compiled from
publicly available clinical case repositories, each with verified diagnoses confirmed by
medical professionals. For each case, the patient's reported symptoms were entered into
Sympify, and the system's top-ranked diagnosis was compared against the verified outcome.
Precision, recall, and F1 score were computed for each disease category to assess both the

relevance and completeness of the algorithm's predictions.
Diagnostic Accuracy by Disease Category (N=500 test cases)
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[ Recall
B F1 Score
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Figure 13. Diagnostic Accuracy by Disease Category (N=500)

The results indicate that Sympify achieves strong diagnostic accuracy across most
categories, with Infectious diseases exhibiting the highest performance (Precision = 0.91,
Recall = 0.88, F1 = 0.89) and Respiratory diseases following closely (F1 = 0.86). This is
likely because infectious and respiratory conditions tend to present with distinct and well-
documented symptom patterns that align well with the Reverse-Dictionary Algorithm's
scoring mechanism. Conversely, Neurological conditions show the lowest accuracy (F1 =
0.73), which can be attributed to the high degree of symptom overlap among neurological
disorders—for instance, headache, dizziness, and fatigue are shared across multiple
conditions including migraines, concussions, and chronic fatigue syndrome. Dermatological
conditions also exhibit relatively lower recall (0.73), suggesting that visual symptoms not
easily captured through text-based input may require supplementary image-based diagnostic
features in future iterations. Overall, the weighted average F1 score across all categories is
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0.82, demonstrating that Sympify provides clinically meaningful diagnostic suggestions that
can support, though not replace, professional medical evaluation.

4.3. Experiment 3: Common vs. Rare Disease Detection Rate

Does the system exhibit detection bias between common and rare diseases, and how does
expanding the result set (Top-K) affect coverage?

A central design goal of Sympify is to ensure equitable diagnostic coverage for both
common and rare conditions. This experiment tests whether the Reverse-Dictionary
Algorithm exhibits systematic bias toward frequently occurring diseases at the expense of
rarer ones. The test set comprised 300 common disease cases (e.g., influenza, hypertension,
type 2 diabetes) and 200 rare disease cases (e.g., Addison's disease, Guillain-Barré
syndrome, Marfan syndrome), each with clinically verified symptom-diagnosis pairs. For
each case, we measured whether the correct diagnosis appeared within the Top-1, Top-3,
Top-5, and Top-10 ranked predictions.

Detection Rate: Common vs Rare Diseases

BN Common Discases (n=300)
1.0 WM Rare Diseases (n=200)
89%

Detection Rate

Top-1 Top-3 Top-5 Top-10
Top-K Accuracy

Figure 14. Detection Rate Comparison: Common vs. Rare Diseases

The results reveal a significant gap in Top-1 accuracy: common diseases achieve a 72%
detection rate compared to only 41% for rare diseases. This disparity reflects the inherent
challenge that rare diseases often share symptoms with more prevalent conditions, causing
the algorithm to rank common diagnoses higher. However, as the result set expands, the gap
narrows substantially. At Top-5, rare disease detection reaches 78%, and at Top-10, it rises
to 91%, approaching the common disease rate of 98%. This convergence validates Sympify's
core design philosophy of presenting an expanded list of potential conditions rather than a
single most-likely diagnosis. By encouraging patients to review a broader set of possibilities
with their physicians, the system mitigates the risk of overlooking rare but serious
conditions. These findings also suggest that future improvements to the scoring algorithm—
such as introducing a rarity-aware weighting factor—could further close the Top-1 gap
while maintaining high coverage at broader thresholds.

4.4. Experiment 4: System Response Time

How does the system's response time scale with the number of input symptoms, and does it
remain within acceptable limits for real-time interaction?
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For a patient-facing diagnostic tool to be practical, it must deliver results within a timeframe
that feels interactive and responsive. This experiment measures the end-to-end response time
of Sympify's diagnostic pipeline—from symptom submission to report generation—as a
function of the number of input symptoms. We tested symptom counts of 1, 2, 3, 5, 8, 10,
15, and 20, running 20 independent trials at each level. Response times were measured on a
standard cloud-hosted deployment to reflect realistic operating conditions. We set 500
milliseconds as the acceptable threshold for real-time responsiveness, based on established
human-computer interaction guidelines [17].

System Response Time vs. Number of Input Symptoms (20 trials each)
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Figure 15. System Response Time vs. Number of Input Symptoms

The results show that Sympify's response time scales sub-linearly with the number of input
symptoms. With a single symptom, the mean response time is 45 ms (SD = 5 ms), and even
with 20 symptoms—a stress-test scenario exceeding typical clinical use—the mean response
time remains at 298 ms (SD = 22 ms), well below the 500 ms threshold. The sub-linear
scaling is attributable to the algorithm's dictionary-based lookup architecture: adding
symptoms increases the number of cross-reference operations but does not require re-
scanning the entire disease database for each additional symptom. The tight standard
deviations across all levels indicate consistent performance with minimal variability between
trials. These results confirm that Sympify is capable of delivering real-time diagnostic
feedback regardless of symptom complexity, making it suitable for deployment in both
clinical and home-use contexts.

5. RELATED WORK

A scholarly source addressing diagnostic errors is the article "Artificial Intelligence and
Diagnostic Errors" published by PSNet. This article discusses the integration of Al into
healthcare diagnostics to reduce errors. Al systems analyze vast datasets to identify patterns,
assisting clinicians in making more accurate diagnoses. For instance, Al algorithms can
process medical images to detect anomalies that may be overlooked by human eyes [20]. Al
has shown promise in enhancing diagnostic accuracy [18]. Studies indicate that Al can
match or surpass human experts in specific tasks, such as image analysis [21]. For example,
Al systems have demonstrated higher accuracy in detecting certain conditions compared to
radiologists, and IBM Watson-Oncology has picked up drugs for treatment of cancer
patients with equal or better efficiency than professionals [22, 23]. Despite its potential, Al
in diagnostics faces challenges. The effectiveness of Al models depends heavily on the
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quality and representativeness of the training data [24]. Biases in data can lead to disparities
in diagnostic accuracy across different populations. Additionally, Al systems may lack
transparency, making it difficult for clinicians to understand the rationale behind certain
recommendations. Some Al diagnostic tools focus narrowly on specific conditions or data
types, potentially overlooking the broader clinical context. They may not fully account for
patient history, comorbidities, or atypical presentations, which are crucial for accurate
diagnosis. Sympify enhances existing Al diagnostic tools by employing a "Reverse-
Dictionary Algorithm" that provides patients and clinicians with a comprehensive list of
potential conditions based on reported symptoms. This approach ensures that both common
and rare conditions are considered, reducing the risk of misdiagnosis. By facilitating
informed discussions between patients and doctors, Sympify addresses the limitations of
other Al systems, offering a more holistic and transparent diagnostic aid.

6. CONCLUSIONS

One key limitation of the Sympify project is the potential bias in our dataset, particularly the
overrepresentation of common conditions like COVID-19 and fatigue. This skew can reduce
the diagnostic accuracy for rare or underreported diseases. Additionally, our current model
does not fully account for patient history, comorbidities, or demographic factors, which are
critical for holistic diagnosis. The data quality is also reliant on user inputs, which may be
incomplete or inconsistent. To address these issues, we would integrate EHR compatibility
to provide deeper patient context and implement natural language processing (NLP) models
to improve input accuracy. Furthermore, we would collaborate with medical professionals to
regularly audit and refine our dataset, ensuring more balanced representation. With more
time, we would also expand Sympify’s multilingual capabilities and increase accessibility
across underserved populations, ultimately creating a more equitable, accurate, and
clinically validated diagnostic support tool.

In conclusion, Sympify offers a novel solution to the persistent issue of diagnostic errors by
prioritizing transparency, inclusivity, and comprehensiveness. Through its Reverse-
Dictionary Algorithm, the platform empowers patients with a broader understanding of
potential conditions, fostering more informed and collaborative conversations with
healthcare providers. Our findings demonstrate the app's potential to reduce misdiagnosis,
especially in cases involving rare diseases or atypical symptom presentations. While
limitations such as data bias and incomplete inputs remain, our outlined improvements
provide a clear roadmap for future development. As Sympify evolves, it holds promise not
only in improving diagnostic accuracy but also in setting new standards for patient-centered
care in digital health.

REFERENCES

[1] Newman-Toker, D. E., & Pronovost, P. J. (2009). Diagnostic errors—The next frontier for
patient safety. JAMA, 301(10), 1060-1062.

[2] Newman-Toker, D. E., Nassery, N., Schaffer, A. C., et al. (2024). Burden of serious harms from
diagnostic error in the USA. BMJ Quality & Safety, 33, 109—-120.

[3] Varn, M. (2017). The human cost and financial impact of misdiagnosis. Medium.

[4] Edlow, J. A., & Pronovost, P. J. (2023). Misdiagnosis in the emergency department: Time for a
system solution. JAMA, 329(8), 631-632.

[5] Harris, E. (2023). Misdiagnosis might harm up to 800,000 US patients annually. JAMA, 330(7),
586.



(6]

(7]
(8]
(9]
[10]

[11]
[12]
[13]

[14]

[15]

[16]
[17]
[18]

[19]

[20]
(21]

[22]

(23]

[24]

Computer Science & Information Technology (CS & IT)

Watts, N., Yadama, N., Dasandi, N., Lange, G. M., Raman, S., Atwoli, L., et al. (2024). The
2023 report of the Lancet Countdown on health and climate change. American Journal of
Medicine.

Graber, M. L. (2001). Diagnostic errors in medicine: A case of neglect. Joint Commission
Journal on Quality Improvement, 27(10), 580—589.

The Commonwealth Fund. (2022). How the U.S. healthcare system contributes to climate
change. Commonwealth Fund.

Eckelman, M. J., & Sherman, J. (2016). Environmental impacts of the U.S. healthcare system
and effects on public health. PLoS One, 11(6), ¢0157014.

Sherman, J. D., Thiel, C., MacNeill, A., Eckelman, M. J., Dubrow, R., Lagasse, R., et al. (2022).
Health care's climate footprint: The health sector contribution and opportunities for mitigation.
Proceedings of the National Academy of Sciences, 119(8), €2113947119.

Salas, R. N., Knappenberger, P., Knowlton, K., Janches, D., Shefficld, P., & Kinney, P. L.
(2021). Climate change and health: An urgent call to academic health centers for action. Journal
of Occupational Medicine and Toxicology, 16(1), 17.

Monaghesh, E., Hajizadeh, A., Dolatshahi, Z., Kashfi, S. H., Rahmanian, V., & Azadnajafabad,
S., et al. (2022). The economic burden of COVID-19 in the United States: Estimates and
projections under an alternative scenario. Frontiers in Public Health, 10, 859410.

Allen, M. (2023). Misdiagnosis: Women and minorities at greater risk. KFF Health News.
Graber, M. L., Franklin, N., & Gordon, R. (2005). Diagnostic error in internal medicine.
Archives of Internal Medicine, 165(13), 1493—1499.

Abimanyi-Ochom, J., Bohingamu Mudiyanselage, S., Catchpool, M., et al. (2019). Strategies to
reduce diagnostic errors: A systematic review. BMC Medical Informatics and Decision Making,
19, 174.

Graber, M., Gordon, R., & Franklin, N. (2002). Reducing diagnostic errors in medicine: What's
the goal? Academic Medicine, 77(10), 981-992.

Davenport, T., & Kalakota, R. (2019). The potential for artificial intelligence in healthcare.
Future Healthcare Journal, 6(2), 94-98.

Hall, K. K., & Fitall, E. (2020). Artificial intelligence and diagnostic errors. PSNet, Agency for
Healthcare Research and Quality.

Lau, B. D., Haider, A. H., Streiff, M. B., Lehmann, C. U., Kraus, P. S., Hobson, D. B,, ... &
Haut, E. R. (2015). Eliminating health care disparities with mandatory clinical decision support:
The venous thromboembolism (VTE) example. Medical Care, 53(1), 18—24.

Pesapane, F., Codari, M., & Sardanelli, F. (2018). Artificial intelligence in medical imaging:
Threat or opportunity? European Radiology Experimental, 2(1), 35.

Abramoff, M. D., Garvin, M. K., & Sonka, M. (2010). Retinal imaging and image analysis.
IEEE Reviews in Biomedical Engineering, 3, 169—208.

Bali, J., Garg, R., & Bali, R. T. (2019). Attificial intelligence (AI) in healthcare and biomedical
research: Why a strong computational/Al bioethics framework is required? Indian Journal of
Ophthalmology, 67(1), 3—6.

Kubota, T. (2018). Algorithm better at diagnosing pneumonia than radiologists. Stanford
Medicine News Center.

Challen, R., Denny, J., Pitt, M., et al. (2019). Artificial intelligence, bias and clinical safety.
BMIJ Quality & Safety, 28(3), 231-237.

87

©2026 By AIRCC Publishing Corporation. This article is published under the Creative Commons
Attribution (CC BY) license.


https://airccse.org/

