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Abstract—Introduction: Medical records and physician notes
contain valuable non-tabular information that requires significant
manual effort to extract and structure. Large Language Models
(LLMs) have demonstrated the ability to understand, reason,
and retrieve information from such sources, transforming it
into accessible information for clinical or research purposes.
Objective: To present and asses the capabilities of PANDORA,
our AI system, comprised of two LLMs that can extract data and
use it in validated calculator and prediction models to provide
recommendations. Methods: The study evaluates the model’s
ability to extract clinical features from discharge notes from the
MIMIC database and synthetically generated outpatient charts.
We use the PUMA calculator for Chronic Obstructive Pulmonary
Disease (COPD) case finding, which interacts with the model to
calculate a score based on seven criteria and determine which
patients should undergo further spirometry testing. Results: The
model’s exhibited excellent extraction accuracy, achieving 100%
for MIMIC and 99% for synthetic cases. Interaction with the
PUMA scale produced accurate scores, with an accuracy of 94%
for both databases. The final recommendation on COPD risk
was based on the PUMA scale, classified as positive if score
≥ 5. Sensitivity was 86% for MIMIC and 100% for synthetic
cases. Conclusion: LLMs have been successful in extracting
information and generating recommendations. However, this is
the first model that successfully extracts information based on
existing, validated clinical scores from plain, non-tabular data
and provides a recommendation mixing all these capabilities. It
leverages existing knowledge, making it available to be explored
in light of the highest-quality evidence in several medical fields.

Index Terms—Artificial Intelligence, Information Extraction,
Unstructured Data, COPD, LLM evaluation

I. INTRODUCTION

One of the most important sources of bias in observational
research is the quality of the secondary information sources,
often clinical registries [1], [2]. As much as 80% of clinical
data is unstructured [3], meaning that lots of valuable informa-
tion is buried in text formats or lost in low-quality databases
[4]. Advances in technology and computational sciences have
led to the ability to collect, organise, operate, analyse, and

interpret vast amounts of data (i.e., Big Data) [5], [6] and
to program computers to reproduce tasks only performed by
humans in past decades (Machine Learning or ML) [7]–[9].
When we analyze the impact of unstructured data, understand-
ing that it is one of the most prominent sources of information
for Artificial Intelligence (AI), poor structuring is not only
harmful on an individual level but could also introduce bias
in worldwide used algorithms that could affect millions of
patients and have a significant impact on the economy [10],
[11]. PANDORA was born from the advances made in Natural
Language Processing (NLP). With it, we propose an effective
and precise AI solution that could actively help healthcare
personnel find the information they need from unstructured
data. It was built as a robust algorithm framework that retrieves
data from plain text and makes it accessible to understand
disease patterns and make high-impact decisions. PANDORA
can also apply scores and clinical practice guidelines to the
information retrieved. In the following sections, we explain
how PANDORA came to be and give an initial scope of
what could be achieved with its implementation in healthcare
scenarios.

II. METHODOLOGY

A. General Description

PANDORA is a modular, two-piece algorithm. One extracts
information from Electronic Health Records (EHRs) constitut-
ing the extraction phase. The other uses the extracted informa-
tion and applies it to clinical guidelines and validated scores
(scoring or punctuation phase) to issue recommendations
(recommendation phase). For this study we used the PUMA
scale for opportunistic case finding of Chronic Obstructive
Pulmonary Disease (COPD) [12]. The two agents work syn-
chronically. The features extracted are defined according to
the guideline or score (e.g., PUMA). From this, a knowledge
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base is constructed and used to predict the outcome of interest
(e.g., COPD risk). Figure 1 depicts PANDORA’s workflow.

B. General Sources of Data

We created two types of validations to obtain cases resem-
bling real-life clinical charts and extract specific information
from EHRs. The first used the Medical Information Mart for
Intensive Care (MIMIC) database. This database contains de-
identified free-text clinical discharge notes from data collected
in Intensive Care Unit (ICU) patients hospitalized at the
Beth Israel Deaconess Medical Center in Boston, USA, from
2002 to 2019 (https://mimic.mit.edu/) [13]–[15]. The second
was an AI-generated database with cases created using GPT,
following a standard form designed by the medical team
to simulate the structure of a clinical record made by a
general physician at an outpatient consultation in compliance
with the Ministry of Health in Colombia [16]. Regarding the
Recommendation Phase, we used COPD as the pathological
entity of interest. The decision to choose this disorder was
based on its high prevalence in the general population [17].
We defined the presence or absence of risk for diagnosis
of COPD as our primary outcome. This decision was based
on its high sub-diagnosis (89%) [18] and the measurability
of the binary outcome. Therefore, we used the standard
clinical guideline for COPD, the Global Initiative for Chronic
Obstructive Lung Disease (GOLD) 2024 Report, available at
https://goldcopd.org/, and the PUMA COPD opportunistic case
finding tool [12], [19], including their latest validation in 2022
[20]. The synchronism of both algorithms or the Scoring Phase
did not require training, as it used the capabilities embedded
into the PANDORA Large Language Model (LLM) structure.
The scoring was based on the PUMA scale (Supplementary
Material 1), which rates the COPD risk by employing seven
features. Risk is defined as a score ≥ 5.

C. Materials

We used Python 3.12.2, Microsoft Office 365, the Arkangel
App (https://www.arkangel.ai/), AI translation and writing
assistant Deepl (https://www.deepl.com).

D. Algorithmic Framework

PANDORA uses statistical and NLP algorithms to extract
and analyse data from EHRs. Its capabilities include:

1) Natural Language Processing (NLP) techniques and pro-
cesses to extract relevant disease-related factors from
unstructured text within EHRs. This includes using
models that understand medical terminology and context
for accurate information extraction.

2) Chain of Thought Strategy (CoT): This strategy ensures
a sequence of reasoning when extracting and analysing
data. PANDORA can accurately map or associate patient
data with disease factors by following a logical pro-
gression. CoT consists of steps to guide LLMs through
multi-step reasoning problems, which improves LLM
reasoning [21].

3) Non-Relational Database Algorithms: To manage the
knowledge base, non-relational database algorithms effi-
ciently store and retrieve patient-specific features, allow-
ing quick access during the recommendation process.

4) Clinical algorithms: Used to construct recommendations.
We employed the PUMA calculator for COPD risk
screening.

E. System Development

Using the previous framework, we developed the system’s
three main components:

1) EHR Data Extraction: This process extracts critical
disease factors from EHRs using advanced NLP tech-
niques. It leverages the CoT strategy to ensure relevant
data is accurately identified and captured from unstruc-
tured text.

2) Knowledge Base Construction: The extracted informa-
tion is used to build a non-relational knowledge base to
store disease features according to clinical scores (e.g.,
PUMA), which serves as a structured repository that
supports the next step.

3) Recommendation System: PANDORA employs a rec-
ommendation mechanism instead of directly inferring
from guidelines/scores. The model takes information
stored in the knowledge base and suggests whether a
patient is at risk for a disorder (COPD) by analysing
the extracted factors and their alignment with established
medical criteria.

F. Algorithm Evaluation

1) Evaluation of the Extraction Phase: We used the EHR-
DS-QA dataset (https://physionet.org/content/ehr-ds-qa/1.0.0/)
to evaluate the model’s ability to extract information from
EHRs. It was created using the LLM Meta Llama 2 to generate
clinical question-answer (QA) pairs based on the 21.466
medical summaries from MIMIC-IV. It produced 156.599 QA-
pairs, 506 of which were evaluated by physicians. This subset
constituted our reference standard (Figure 2.). An example
of a question in EHR-DS-QA is: Does the patient have any
known allergies or adverse drug reactions? If extraction was
correct, it should match the exact statement in EHR-DS-
QA [21]. No preprocessing was applied to input data since
the goal was to handle complex, unstructured data. We also
emphasised handling open-ended responses so the algorithms
could extract relevant factors. Then, we employed semantic
metrics to assess text summarization against the EHR-DS-QA
benchmark. The BERTscore, SimilarityScore, SemanticScore,
and RelevanceScore are explained in Supplementary Material
2.

Additionally, we used the Judge Alignment Metric (JAM)
to assess extraction. This strategy was developed as an
automated, more scalable alternative to human evaluation
[22]. It employs state-of-the-art LLMs to judge PANDORA’s
responses. Table I presents the model’s semantic scores
and operative characteristics according to JAM. The LLM
used as JAM was Claude from the IA company Anthropic
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Fig. 1. Workflow structure of PANDORA

Fig. 2. Flow chart of the MIMIC-IV-Note database and sample size

(https://www.anthropic.com/claude ). It was given the same
information as PANDORA, including the EHRs and PUMA
scale.

2) Recommendation Phase Evaluation: First Strategy: A
two-step evaluation was designed to determine the model’s
specific extraction capability when using PUMA. First, we
randomly selected 506 QA-pairs from EHR-DS-QA (different
from the 506 human-revised QA-pairs) to evaluate extraction
in equal sample sizes. Also, assessing all 2688 QA-pairs was
extremely costly. We performed a human eval for a subset of
102 clinical cases (20%) to confirm that retrieved information
was consistent with the information registered in EHR-DS-QA
and to evaluate its accuracy. Table II. indicates outcomes for
this stage. Supplementary Material 3. depicts an example of
the human evaluation process. Second, we assessed how the
model made its recommendations using the retrieved infor-
mation. The PUMA scale classifies COPD risk on a 9 point

scale (Supplementary Material 1.) According to PUMA scale
validations in Latin America [12], [19], [23] and Asia [20], a
threshold of five points was optimal for detecting more sub-
clinical cases. For our study, we used the same threshold. To
evaluate the recommendation capability per se, PANDORA’s
predictions were compared to true values in MIMIC-IV: 1
(COPD risk) or 0 (no COPD risk). The punctuation was
evaluated as correct or incorrect and described using relative
and absolute frequencies (Table III.) Second Strategy: For
further evaluation, we also created synthetic clinical cases
using the GPT family based on the guide designed by our
team’s medical lead simulating a Colombian-based outpatient
consultation record (Supplementary Material 4). We employed
nine COPD differential diagnoses (Supplementary Material 5)
to test the model’s accuracy in extracting and applying PUMA
when respiratory symptoms were similar among cases. We
created one clinical case for each and gave them as examples
to the GPT framework to elaborate 100 synthetic clinical
cases (Supplementary Material 6). We evaluated extraction,
recommendation, and punctuation capabilities using confusion
matrices and the model’s operating characteristics. Several
EHRs (>50%) stated a personal history of COPD; therefore,
we instructed PANDORA to extract this feature and automat-
ically classify them as presenting COPD risk, independent of
their PUMA score (Table III). This strategy was subsequently
applied to the evaluations in MIMIC.

III. RESULTS

A. Semantic Scores

Optimal performance evidences PANDORA’s high-quality
text summarization and demonstrates its ability to produce a
coherent answer with an understanding of the case provided
(Table I.). Semantic scores will be further discussed in the
next section.
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TABLE I
SEMANTIC SCORES FOR EXTRACTION EVALUATION USING THE

EHR-DS-QA DATASET.

Metric Score
BERTScore 0.911
SemanticScore 0.925
RelevanceScore 0.901

Judge Alignment Metrics
Accuracy 0.838
Recall/Sensitivity 0.838
F1 Score 0.912

B. Extraction, scoring and recommendation with MIMIC-IV
database as standard

The human evaluation of extraction and scoring capabilities
using PUMA was performed in a subset of 102 QA from the
human-evaluated portion of the EHR-DS-QA (Table II.). Age
and smoking history were excluded; they were unavailable
secondary to de-identification processes in the initial MIMIC-
IV database. Adequate extraction was demonstrated in 100%
of the remaining 615 QA-pairs, while 581 (94.47%) were
classified as presenting accurate scoring. Most of the 34
mistakes occurred when the model did not recognize previous
COPD diagnoses. Table III. summarises performance metrics
for recommendation capability when instructing PANDORA
to determine COPD risk if a prior diagnosis was present,
disregarding the PUMA score. Sensitivity increased by 66%
with this measure. Specificity decreased by 22.5%. Supple-
mentary Materials 7 and 8 show the confusion matrix for each
approach.

TABLE II
HUMAN EVALUATION OF EXTRACTION AND SCORING CAPABILITIES

Experiment Extraction Scoring
Correct
answers

(n)
Accuracy

Correct
answers

(n)
Accuracy

MIMIC-IV
(n = 615) 615 1.0 581 0.945

Synthetic Cases
(n = 700) 697 0.996 659 0.941

The results in Table II present the accuracy of the test as
the proportion of correct answers on each capability, using the
MIMIC-IV database and synthetic cases as standard and based
on the PUMA scale.

C. Extraction, scoring and recommendation with synthetic
cases as standard

The human evaluation of 100 synthetic cases revealed opti-
mal extraction and scoring capabilities. PANDORA accurately
extracted the information in 99.6% of cases (697/700) and
assigned the correct score in 94% of cases (658/700) (Table
II.) Two of the three extraction mistakes are associated with
the model’s assumption that a history of COPD means the
patient’s expectoration is chronic. The other mistake occurred
when PANDORA failed to recognize the phrase “worsening of
the symptoms over the past few months”, signifying chronicity.
Of the 41 scoring mistakes, 28 correspond to the model’s

TABLE III
PERFORMANCE METRICS FOR RECOMMENDATION CAPABILITIES OF

PANDORA WHEN USING THE MIMIC-IV DATABASE AND SYNTHETIC
CASES AS STANDARD, ACCORDING TO COPD’S PREVIOUS DIAGNOSIS.

Metric MIMIC-IV Synthetic
CasesConsidering

the history of
COPD

Not considering
the history of

COPD
Sensitivity 0.855 0.194 1.0
Specificity 0.700 0.925 0.200
Precision 0.815 0.800 0.238
Accuracy 0.794 0.480 0.360
F1 score 0.835 0.312 0.385

Cohen’s Kappa 0.790 0.470 0.347

misunderstanding of threshold values for smoking history
categories in PUMA. Of the remaining 13 scoring errors, 3
were incorrect age classifications. The remaining errors (10)
are definitions; the model makes mistakes without specific
timeframes to define symptoms’ chronic or acute nature.
PANDORA’s outcome is ”COPD” (PUMA score ≥ 5) or
”other” (< 5). Table III. shows the performance metrics for
recommendations in the synthetic cases. PANDORA reached
a sensitivity of 100% and specificity of 20% since it classified
64 synthetic cases as false positives. Supplementary Material
10. presents the distribution of the PUMA features in these
cases.

IV. DISCUSSION

LLMs have proven their ability to extract information
from text sources, such as EHRs [24]–[27]. They offer the
opportunity to recover unstructured data for research and
clinical decisions without manually organizing information
into databases. Available models offer separate retrieval and
recommendation capabilities [28]–[31]. Others are ML algo-
rithms focused on diagnosis and risk prediction from tabular
data [27], [31]–[33]. Yu-Tzu Lee explored the integration of
the extraction capability and recommendation in their thesis
paper (https://arxiv.org/abs/2407.10453). He enhanced medi-
cation recommendations using LLMs to extract information
from free-text notes. The study used the MIMIC-III datasets
and tested seven LLMs. The G-BERT model reached AUPRC
of 77.6% [33]. Another approach was proposed by Ozan
Unlu et al. [34], who developed a model that would retrieve
information from EHRs according to predefined selection
criteria to select appropriate candidates for the clinical study
COPILOT-HF (ClinicalTrials.govNCT05734690). Their assis-
tant extracted information according to inclusion criteria and
used exclusion criteria to recommend final candidates. Com-
pared to human evaluation, the model’s sample selection had
92% sensitivity and 94% specificity. The current literature does
not describe a modular LLM capable of producing information
retrieval and implementing human-made clinical algorithms
using that recovered information. Therefore, this study is our
initial approach to validating a model for several purposes:
information retrieval, integration with clinical guidelines, and
recommendations based on them. PANDORA demonstrated
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high-quality text summarization, generating relevant responses
that maintain meaning, context, and alignment with input
queries. We conclude that the model uses pertinent data in
its recommendations. A Judge Alignment Metric (JAM) was
also applied; the good marks imply that our model performs
well semantically in the presence of state-of-the-art LLMs
and their capabilities for evaluating input and output. State-
of-the-art (SoTA) refer to LLMs with reported highest accu-
racies. The current SoTA performance for GPT-4 is 90.2%
and 85.4% for Med-PaLM 2. Accuracies are calculated from
reference standard datasets of QA pairs from medical board
exam questions or telemedicine interactions [35], [36], which
provide revised answers for quantitative analyses [26], [29],
[37]–[40]. The outcome is a binary classification of correct or
incorrect, according to the nature of the dataset, and results are
usually presented using accuracies [21], [41], [42]. Although
no scientific consensus exists on a Gold Standard in LLM
evaluation [25], human expert revisors are the desirable assess-
ment [43], [44]. The JAM strategy’s rationale was that human
eval, although ideal, is often unfeasible, given the databases’
sizes, making it costly, time-consuming and exhausting for
the professionals involved. The MIMIC-IV database is widely
used as a benchmark for training and evaluating LLMs in
healthcare [13]–[15]. We used it as the reference for the
qualitative assessment of PANDORA, ensuring the model’s
exposure to raw, intricate data typical in clinical notes. PAN-
DORA adequately extracts data from unstructured sources,
such as medical records. To validate this, we performed a
Human Evaluation using a subset of the MIMIC-IV database.
Our model demonstrated perfect extraction capability (100%);
additionally, we explored its ability to interact with a val-
idated risk calculator (scoring capability), the PUMA scale
for COPD risk assessment, which revealed that our model
understands the rationale behind the scoring rules. Regarding
the recommendation capability, it could point out the risk
for COPD in all synthetic cases and 89% of the MIMIC-IV
notes. Still, the specificity for this last capability was 20% for
synthetic cases and 70% using MIMIC-IV. These results might
be due to using a sensitive COPD case-finding tool such as
PUMA. The PUMA Study [45] was validated in adult, heavy-
smoker Latin American population. Its threshold for COPD
risk ( ≥ 5) was set accordingly. This raises the question of
the tool’s applicability in a population with different baseline
characteristics: could a different threshold be used? The scale’s
precision is extensively described elsewhere [19], [20], [23],
[46]. However, it is plausible that setting a higher threshold
could enable PUMA to be used in a broader population base.
Supplementary Material 11. depicts the operative characteris-
tics of the PUMA scale in our population sample, evaluating
thresholds from 1 to 9. Still, both sources of clinical cases
(MIMIC and synthetic) were tested using the same scale,
which does not explain the 50% difference in specificity (70%
for MIMIC, 20% for synthetic cases). The explanation lies
in the intrinsic characteristics of the sources. The MIMIC-IV
was a real-world dataset with patients from an ICU. Their
profile is that of a sicker patient. Unfortunately, we could

not evaluate smoking habits or age, as they were part of the
erased information in the de-identification process, mandatory
for public access to sensitive information. This fact makes
the score results not comparable to those from the synthetic
cases, which had all the information. The synthetic cases were
created to present the scale with cases that showed similar
symptoms to COPD. The subject was a healthier outpatient
without severe symptoms. Here, PANDORA misclassified 64
cases as COPD, which shows the adequate extraction and
scoring of the model but the high sensitivity and low specificity
of PUMA. To elaborate on this, take the example of a 62-year-
old man (3 points) presenting with dyspnea (1 point) due to
heart failure, with prior spirometry (1 point); this patient would
be classified as COPD if he is only evaluated using PUMA. We
found 62 synthetic cases with a personal history of COPD. We
used this criterion for subsequent analysis on MIMIC, adding
an item to the extraction phase prompted by “Does the patient
have a smoking history?”. This approach improved sensitivity
by 66%. A remarkable contribution of the present research
is the application of the “Self-Thought Evaluator” through
the development and use of a JAM [47]. Our experience was
remarkable since it allows for assessing any number of queries
expediting model analyses, comparisons, and improvements.
The downside is that AI judges could make assessment mis-
takes by amplifying possible biases introduced during their
creation. We could not assess the complete PUMA questions
in the MIMIC-IV since age and smoking history were missing
in all cases. Consequently, we performed a human evaluation
of each case to ensure every other capability was conserved.
Human evaluation is the desired standard, but it is a cumber-
some task. We followed the experts’ recommendation of using
100 cases for the evaluation [43]. Additionally, synthetic cases
may not fully represent the variability of real-world clinical
data, and EHR structure may vary by country or institution.
To control this, we based our clinical cases on the recommen-
dations of medical professionals and government guidelines.
We explicitly instructed the LLM to consider all races, sexes,
occupations, nationalities, and social backgrounds for egali-
tarian inclusion. Still, continuous human monitoring and re-
evaluation are necessary to ensure and supervise PANDORA’s
and other LLMs’ outcomes. In conclusion, implementing
PANDORA will allow research and clinical tasks without
structured databases. Early or missed diagnoses of several
diseases could be achieved by combining the vast capabilities
developed in NLP with traditional, validated clinical scores
and updated clinical guidelines containing the best available
evidence and experts’ consensuses worldwide.
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