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Abstract
Background: Laboratory testing is a cornerstone of diagnostic decision-making in emergency departments (EDs), yet its
overuse contributes substantially to unnecessary health care costs and inefficiencies. Predictive approaches that leverage
electronic health record data may help optimize and guide more appropriate test use.
Objective: This study aims to develop and evaluate machine learning models that predict laboratory test use during ED visits
by integrating structured clinical data and unstructured text from electronic health records.
Methods: We analyzed 13,115 adult ED visits from the 2021 National Hospital Ambulatory Medical Care Survey–Emer-
gency Department dataset. Structured predictors included demographics, vital signs, insurance status, and medical history,
while unstructured data from chief complaints and injury descriptions were encoded using Bidirectional Encoder Representa-
tions from Transformers–based embeddings. Four model configurations were developed: structured-only, unstructured-only,
combined structured and unstructured data, and an ensemble (mean probability) approach. Model performance was evaluated
using the area under the receiver operating characteristic curve (AUC).
Results: The combined model achieved the highest predictive performance (AUC=0.83), outperforming both the structured-
only model (AUC=0.78) and the unstructured-only model (AUC=0.74). The ensemble model also performed well but did not
exceed the combined model. Key predictors of laboratory testing included older age, ambulance arrival, abnormal vital signs,
and chronic comorbidities, whereas injury-related visits were associated with a lower likelihood of testing.
Conclusions: Integrating structured and unstructured electronic health record data improves the prediction of laboratory test
use in ED settings. These findings support the development of data-driven clinical decision support tools aimed at enhancing
diagnostic efficiency and reducing unnecessary testing.
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Introduction
The ordering of laboratory tests is a cornerstone of diag-
nostic medicine, guiding providers’ clinical decision-making
across various healthcare settings, especially in emergency
departments (EDs) [1]. In hospitals and EDs, laboratory
tests inform the assessment of disease severity, therapeutic
decisions, prognosis, and monitoring strategies. However,
studies have found that the sheer volume of laboratory
orders, including many that may be routine, defensive, or
redundant, has raised concerns about overuse, patient burden,
and resource inefficiency [2]. This is especially pertinent in
EDs, with studies revealing that nearly 80% of patients who
present to the ED receive laboratory testing, averaging 7.7
tests per patient [3,4]. Notably, unnecessary laboratory testing
contributes to an estimated US $210 billion in additional
health care costs annually, underscoring the importance of
optimal test use that not only saves costs but also improves
ED workflow.

Traditionally, decisions to order laboratory tests are
based primarily on clinicians’ judgment, informed by vital
signs, presenting symptoms, medical history, and institu-
tional protocols. Yet these decisions can vary significantly
across providers and settings, often lacking standardization
or transparency [5]. In this context, data-driven approaches
—particularly those that leverage electronic health record
(EHR) data—offer the potential to identify patterns that
precede test ordering, thereby informing real-time decision
support tools [6].

Recent developments in machine learning (ML) have
enabled predictive modeling of clinical decision points
and corresponding actions using structured data, such as
demographics, vital signs, comorbidity indices, and other
variables [7]. Numerous algorithms, such as gradient boosting
classifiers, are well-suited for handling heterogeneous tabular
data to model the complex interactions between predictors
[8]. In addition, a significant portion of providers’ clinical
reasoning is captured in unstructured data, such as free-
text notes, including primary complaints, triage narratives,
and clinicians’ nonverbal assessments. Importantly, these
unstructured data sources often precede test orders and
provide valuable context not captured in structured data
fields, underscoring the need and potential to integrate
unstructured data into model building [9]. One highly
promising approach to achieving this is the use of trans-
former-based language models.

Although prior studies have explored ML approaches
to predict laboratory test ordering, most have relied primar-
ily on structured EHR variables or basic natural language
processing (NLP) methods, focusing on single tests or narrow
clinical contexts [10,11]. Consequently, the extent to which
contextualized information embedded in free-text clinical
documentation can meaningfully improve the prediction
of general laboratory test use in the ED remains largely
underexplored. Addressing this gap is critical to developing
scalable, data-driven decision-making tools that better align
with real-world clinical reasoning.

Transformer-based language models, such as GPT-2,
provide a robust approach for extracting insights from
unstructured text sources. By leveraging self-attention
mechanisms and deep learning architectures, these mod-
els can capture complex linguistic patterns and semantic
relationships across large text corpora [12]. Consequently,
transformer-based language models can capture the clin-
ical nuances that may influence decisions to order spe-
cific laboratory tests, such as concerns about sepsis, renal
impairment, or metabolic derangements, among others. Most
importantly, ML models that integrate both structured and
unstructured data tend to produce the most robust predictive
outcomes. With structured data offering a reliable founda-
tion of quantifiable variables, unstructured data captures rich
contextual nuances that are often absent in structured formats
[13]. As a result, ML algorithms can uncover deeper patterns,
improve generalizability, and enhance prediction.

In this study, we aim to develop and evaluate ML models
for predicting the likelihood of general laboratory test orders
during patients’ ED visits, using both structured EHR data
and unstructured clinical text. The models that use struc-
tured data alone, unstructured data alone, and a combined
approach were evaluated. We hypothesize that integrating
structured EHR data with unstructured clinical text will yield
more accurate predictions than either source alone, thereby
supporting the development of real-time decision tools that
can inform laboratory test use in the ED and promote more
efficient, patient-centered, and evidence-based care. For this
work, the study defines general laboratory tests as a set
of commonly ordered panels and individual assays across
multiple organ systems and clinical indications, comprising
20 laboratory tests (defined later). By focusing on this
representative set, the study aims to capture a wide range
of clinical scenarios, including metabolic panels, coagulation
profiles, and electrolyte monitoring. Ultimately, this work
seeks to improve the prediction of laboratory test use, thereby
providing a foundation for further developing and scaling up
clinical decision algorithms to support patient care in the ED.

Methods
Ethical Considerations
Ethical approval and consent for participation are not
applicable, as the research was conducted using publicly
available, anonymized data from the NHAMCS-ED (National
Hospital Ambulatory Medical Care Survey–Emergency
Department) dataset.
Data Source
We used data from the 2021 NHAMCS-ED dataset [14], a
nationally representative dataset that captures a wide range
of information about visits to EDs across the United States.
NHAMCS-ED is administered by the National Center for
Health Statistics and uses a multistage probability sampling
design to ensure generalizability to the national population
[15]. The dataset includes visit-level records detailing patient
demographics, clinical characteristics, reasons for visits,
procedures, diagnostic tests, medications, and disposition. For
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this study, the sample was restricted to adult patients aged 18
years or older. The study excluded visits with missing data
on our primary outcome of interest—laboratory test use—as
well as records with critical missing values for key predic-
tor variables. The final analytic cohort comprised all eligible
adult ED visits for which complete information on laboratory
testing and associated predictors was available.
Outcome Variable: Laboratory Test Use
Laboratory test use was operationalized as a binary outcome,
indicating whether one or more laboratory tests from a
predefined set of commonly ordered assays were prescribed
during an ED visit. Using available NHAMCS-ED variables
and informed by prior literature, we identified 20 laboratory
tests and panels spanning multiple organ systems and clinical
indications, such as metabolic, hematologic, renal, hepatic,
and coagulation-related tests.

For each visit, test ordering was coded as “1” if at least
one of these tests or panels was ordered and “0” otherwise.
Visits involving multiple tests or panels were treated as
positive events without additional weighting, as the objective
was to capture the occurrence of laboratory evaluation rather
than test volume, sequencing, or clinical appropriateness.
Because there is no widely accepted approach for encoding
the complex combinations and ordering patterns of laboratory
tests in large-scale ED datasets, this binary operationaliza-
tion is a pragmatic, scalable strategy that avoids arbitrary
weighting while supporting robust predictive modeling.
Structured Predictors
Structured predictors were drawn from multiple domains
within the NHAMCS dataset. These included demographic
variables (eg, age, sex, race, or ethnicity), visit characteristics
(eg, day of the week, time of arrival, arrival by ambulance,
and mode of arrival), and vital signs (eg, heart rate, blood
pressure, respiratory rate, temperature, oxygen saturation, and
pain level).

We also included a comprehensive set of medical history
variables, coded as binary indicators for the presence
of specific chronic or acute conditions. These included
Alzheimer disease or dementia, asthma, cancer, cerebrovas-
cular disease, chronic kidney disease, chronic obstructive
pulmonary disease, congestive heart failure, coronary artery
disease, diabetes mellitus (types I and II), end-stage renal
disease, HIV/AIDS, hyperlipidemia, hypertension, obesity,
obstructive sleep apnea, osteoporosis, depression, substance
abuse or dependence, and thromboembolic conditions such as
deep vein thrombosis or pulmonary embolism.

Additional structured features included insurance type
(private, Medicare, Medicaid, Children's Health Insurance
Program, uninsured, or other); residence type (private home,
nursing home, homeless, or other); whether the visit was a
follow-up or related to an earlier episode of care; and whether
the visit involved injury or trauma, poisoning or overdose,
or adverse effects of treatment. These structured features
were selected based on prior literature, clinical rationale, and
exploratory data analysis.

Prior to modeling, continuous variables were standardized
using the StandardScaler method to facilitate model conver-
gence and ensure comparable feature-importance estimates
across models.

Missing data analysis revealed that, except for the pain
score variable (with 38.3% missing), all structured features
exhibited low to moderately low levels of missingness,
that is, less than 10% (Multimedia Appendix 1). To assess
the plausibility of the missing-at-random assumption, we
examined patterns of missingness in relation to laboratory
test use and observable visit characteristics for the pain score
variable. Notably, the missingness of the pain score variable
was not associated with laboratory testing rates (ie, 59.6% for
observed vs 59% for missing), and was more frequent among
ambulance arrivals, consistent with higher-acuity encounters
in which clinical priorities may precede formal pain docu-
mentation.

For other administrative and visit-level variables,
differences in laboratory testing rates between missing and
observed groups were very low to modest. Larger differ-
ences were observed for vital signs, such as temperature,
oxygen saturation, and pulse, reflecting ED workflows
in which these parameters are preferentially measured in
higher-acuity encounters, which are also more likely to
undergo laboratory evaluation. Taken together, these patterns
suggest that missingness in structured variables is largely
driven by observable clinical context and documentation
practices rather than outcome-dependent mechanisms, thereby
supporting the use of median imputation under the missing-at-
random assumption.
Unstructured Data and Bidirectional
Encoder Representations from
Transformers Model
The NHAMCS-ED dataset includes two primary unstruc-
tured text fields: (1) the chief complaint, which captures
the patient’s primary reason for visiting the ED, and (2)
the reason-for-visit injury text, which describes any injury-
related circumstances. These free-text fields provide rich
clinical context often unavailable in structured variables and
are frequently used by ED staff to understand the patient’s
presenting condition.

To process these fields, we applied a text-cleaning pipeline
to enhance consistency and remove irrelevant noise [16].
This included converting all text to lowercase, removing
punctuation and numerals, stripping whitespace, and filtering
out common stopwords (eg, “and,” “the,” “of”) using a
predefined list from the Natural Language Toolkit [17].
The resulting cleaned text provided the input for our NLP
pipeline.

We used a pretrained Bidirectional Encoder Representa-
tions from Transformers (BERT) model from the Hugging-
Face Transformers library to encode the cleaned text [18].
BERT is a state-of-the-art transformer-based language model
that learns deep contextual relationships between words
through bidirectional attention. The BERT-base-uncased
model and its tokenizer were used to convert each text entry
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into input tokens compatible with the BERT model architec-
ture [19].

These tokenized inputs were then passed through BERT to
extract sentence-level embeddings—dense vector represen-
tations capturing the semantic content of the chief com-
plaint and injury text. Performance was robust to alternative
text-embedding pooling ([CLS], also known as classifica-
tion, token vs mean pooling). These embeddings, typically
768-dimensional vectors, served as the unstructured input
features for downstream modeling. They enabled us to
leverage the rich semantic meaning encoded in patient
narratives, augmenting the structured clinical features.

To assess whether our reliance on the [CLS] embedding
affected model performance, we also evaluated an alterna-
tive, widely used aggregation strategy: mean pooling over
token embeddings [20]. The 2 approaches yielded highly
comparable results in the gradient boosting classifier (receiver
operating characteristic curve, AUC=0.83 for [CLS] vs 0.84
for mean pooling), indicating that sentence-level performance
was robust to the choice of pooling method. Given the
comparison result, we retained the [CLS] representation as
our primary specification, consistent with standard BERT
practice for sequence-level encoding [21].
Association Analysis
To identify factors independently associated with laboratory
test use, a logistic regression with Lasso regularization
was performed for variable selection [22]. This approach
penalizes less informative predictors and retains only those
with the strongest associations, helping reduce overfitting and
improving model interpretability. After selecting variables
with nonzero coefficients from the Lasso model, a standard
multivariable logistic regression was fitted using the selected
predictors to estimate adjusted odds ratios (ORs) and 95%
CIs. A forest plot was generated to visualize the direction
and strength of associations. Variables with ORs above 1
were associated with higher odds of laboratory testing, while
ORs below 1 indicated a reduced likelihood. This analysis
highlighted key clinical and demographic drivers of test-
ordering decisions in the ED.
Predictive Model Development
To predict laboratory test use during ED visits, we developed
4 supervised ML models: logistic regression, random forest,
gradient boosting, and extreme gradient boosting. These
models were selected to capture both linear and complex
nonlinear relationships among predictors. Logistic regression
served as a benchmark model due to its interpretability, while
the ensemble-based models (random forest, gradient boosting,
and extreme gradient boosting) offered greater flexibility in
capturing variable interactions and improving classification
performance.

Each model was applied to four configurations of input
data: (1) structured data only, including demographics, vitals,
medical history, and visit details; (2) unstructured text
data only, using BERT-generated embeddings from chief
complaints and reasons for visit; (3) combined structured and
unstructured data; and (4) a mean probability model, which

averaged predicted probabilities from the structured-only and
unstructured-only models.

Structured data were preprocessed using median imputa-
tion and standardized for modeling. Unstructured data were
cleaned, tokenized, and processed through a pretrained BERT
model to generate contextual embeddings. All models were
trained and evaluated using 5-fold cross-validation to ensure
robust performance estimates across data splits.

Evaluation Metrics
Model performance was evaluated using standard classifi-
cation metrics: area under the receiver operating character-
istic (ROC) curve (AUC) [23], accuracy, precision, recall
(sensitivity), specificity, and F1-score [24]. AUC was the
primary measure of discrimination, reflecting the model’s
ability to distinguish between visits with and without
laboratory testing. Precision and recall offered insights into
the model’s accuracy in predicting test use, with the F1-score
providing a balanced measure of both.

We also examined specificity to assess how well the
models avoided false positives—cases where testing was not
conducted but was predicted as such. Optimal classification
thresholds were determined using the point on the ROC curve
closest to the top-left corner.

To aid interpretation, we visualized logistic regression
coefficients using forest plots and generated word clouds
from unstructured data to highlight common terms associated
with laboratory testing decisions.

Model Interpretability
As an important extension of our analysis, feature contribu-
tions were quantified using Shapley additive explanations
(SHAP) [25]. For tree-based models, TreeExplainer was used
and for logistic regression [26], the linear explainer was used
with the model’s logit link [27]. To synthesize the unstruc-
tured input (ie, BERT embeddings), we computed SHAP
values and aggregated them into a single textual feature
by summing the mean absolute SHAP values across all
dimensions, reported as Combined_Chief_Complaint.

Results
Descriptive Statistics and Feature
Selection
Among adult ED visits in the 2021 NHAMCS-ED data-
set, 7784 (59.3%) visits included laboratory test orders.
Significant differences were observed across nearly all
demographic and clinical variables between patients who
received laboratory tests and those who did not (Table
1). Patients who underwent laboratory testing were more
likely to be female (4341/7784, 55.8% vs 2741/5331,
51.4%) and older, with 2298 out of 7784 (29.5%) aged
65 years or older compared to 834 out of 5331 (15.6%)
in the no-test group. The proportion of White patients was
slightly higher in the tested group (4779/7784, 61.4% vs
2958/5331, 55.5%), while Black and Hispanic patients were
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slightly underrepresented. Laboratory-tested patients were
more likely to reside in nursing homes (208/7784, 2.7%
vs 58/5331, 1.1%) and to be insured through Medicare
(2296/7784, 29.5% vs 905/5331, 16.9%), while the no-test
group had higher proportions of Medicaid (1766/5331, 33.1%
vs 2033/7784, 26.1%) and uninsured individuals (480/5331,
9% vs 461/7784, 5.9%). Patients with laboratory testing were
more frequently transported by ambulance (2012/7784, 25.8%
vs 682/5331, 12.7%) and less likely to have injury-related
visits (1015/7784, 13% vs 2137/5331, 40%). Clinical severity
indicators also differed: higher proportions of laboratory-tes-
ted patients had abnormal vital signs, including heart rates of
more than 90 bpm (3110/7784, 39.9% vs 1712/5331, 32.1%),
diastolic blood pressure of less than 60 mm Hg (536/7784,

6.9% vs 218/5331, 4.1%), oxygen saturation of less than
95% (996/7784, 12.8% vs 297/5331, 5.6%), and respiratory
rates of more than 20 breaths/minute (914/7784, 11.7% vs
210/5331, 3.9%). Patients who received laboratory tests had a
higher prevalence of chronic conditions, including hyperten-
sion (3116/7784, 40% vs 1183/5331, 22.2%), diabetes (type
II: 936/7784, 12% vs 301/5331, 5.6%), coronary artery
disease (839/7784, 10.8% vs 192/5331, 3.6%), chronic kidney
disease (537/7784, 6.9% vs 100/5331, 1.9%), congestive heart
failure (569/7784, 7.3% vs 110/5331, 2.1%), and chronic
obstructive pulmonary disease (684/7784, 8.8% vs 231/5331,
4.3%). Other conditions significantly more common in the
laboratory-tested group included cancer, dementia, stroke,
end-stage renal disease, and hyperlipidemia.

Table 1. Demographic and clinical profiles of emergency department patients stratified by laboratory test use (N=13,115)a.
No laboratory test (n=5331), n (%) Laboratory test (n=7784), n (%) P value

Gender <.001
  Female 2741 (51.4) 4341 (55.8)
  Male 2590 (48.6) 3443 (44.2)
Age (y) <.001
  18‐39 2606 (48.9) 2553 (32.8)
  40‐65 1891 (35.5) 2933 (37.7)
  ≥65 834 (15.6) 2298 (29.5)
Race or ethnicity <.001
  White 2958 (55.5) 4779 (61.4)
  Black 1348 (25.3) 1675 (21.5)
  Hispanic 804 (15.1) 1023 (13.1)
  Other 221 (4.1) 307 (3.9)
Residence type <.001
  Private residence 4879 (94.5) 7173 (94.2)
  Nursing home 58 (1.1) 208 (2.7)
  Homeless 169 (3.3) 145 (1.9)
  Other 56 (1.1) 88 (1.2)
Insurance type <.001
  Private insurance 1385 (29) 2097 (29.6)
  Medicare 905 (16.9) 2296 (29.5)
  Medicaid or CHIPb 1766 (33.1) 2033 (26.1)
  Uninsured 480 (9) 461 (5.9)
  Other 243 (5.1) 207 (2.9)
Day of week .07
  Weekdays 3937 (75.8) 5873 (77.2)
  Weekend 1256 (24.2) 1734 (22.8)
Arrival time .32
  Morning 1459 (28.3) 2228 (29.2)
  Afternoon 1584 (30.7) 2396 (31.4)
  Evening 839 (16.3) 1173 (15.4)
  Night 1278 (24.8) 1840 (24.1)
Arrive by ambulance 682 (12.7) 2012 (25.8) <.001
Follow-up visit 422 (8.6) 490 (6.9) .009
Seen within last 72 hours 201 (4.2) 301 (4.2) >.99
Pain level <.001
  No or mild pain 1159 (35.4) 1965 (40.8)
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No laboratory test (n=5331), n (%) Laboratory test (n=7784), n (%) P value

  Moderate or severe pain 1090 (33.3) 1521 (31.6)
  Very severe and unbearable pain 1024 (31.3) 1333 (27.7)
Temperature (°C) <.001
  36‐38 4710 (95.9) 6920 (93.9)
  ≤36 149 (3) 266 (3.6)
  >38 51 (1) 186 (2.5)
Heart rate, beats per minute <.001
  ≤60 204 (4.2) 358 (4.8)
  61‐90 2983 (60.9) 4051 (53.9)
  >90 1712 (32.1) 3110 (39.9)
DBPc (mm Hg) <.001
  <60 218 (4.1) 536 (6.9)
  60‐80 2192 (44.1) 3373 (44.4)
  >80 2556 (51.5) 3680 (48.5)
SBPd (mm Hg) <.001
  <80 1142 (23) 1761 (23.2)
  80‐120 1 (0) 23 (0.3)
  >120 3827 (77) 5805 (76.5)
Pulse oximetry (%) <.001
  0‐94 297 (5.6) 996 (12.8)
  ≥95 4549 (93.9) 6496 (86.7)
Respiratory rate per minute <.001
  <12 16 (0.3) 27 (0.4)
  12‐20 4695 (95.4) 6588 (87.5)
  >20 210 (3.9) 914 (11.7)
Injury status <.001
  Yes, injury or trauma 2137 (40) 1015 (13)
  Yes, overdose or poisoning 56 (1.1) 83 (1.1)
  Yes, adverse effect of medical or surgical treatment 125 (2.5) 236 (3.2)
  No 2593 (51.7) 5948 (79.9)
  Questionable injury status 106 (2.1) 165 (2.2)
Medical history
  Alzheimer disease or dementia 44 (0.8) 162 (2.1) <.001
  Asthma 553 (10.4) 849 (10.9) .35
  Cancer 138 (2.6) 520 (6.7) <.001
  Cerebrovascular disease or history of stroke (CVAe) 125 (2.3) 457 (5.9) <.001
  CKDf 100 (1.9) 537 (6.9) <.001
  COPDg 231 (4.3) 684 (8.8) <.001
  CHFh 110 (2.1) 569 (7.3) <.001
  CADi 192 (3.6) 839 (10.8) <.001
  Depression 664 (12.5) 1306 (16.8) <.001
  Diabetes mellitus type I 25 (0.5) 77 (1) <.001
  Diabetes mellitus type II 301 (5.6) 936 (12) <.001
  ESRDj 25 (0.5) 160 (2.1) <.001
  PEk, DVTl, or VTEm 74 (1.4) 207 (2.7) <.001
  HIV infection/AIDS 58 (1.1) 83 (1.1) .97
  Hyperlipidemia 413 (7.7) 1339 (17.2) <.001
  Hypertension 1183 (22.2) 3116 (40) <.001
  Obesity (BMI ≥30) 328 (6.2) 775 (10) <.001
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No laboratory test (n=5331), n (%) Laboratory test (n=7784), n (%) P value

  OSAn 113 (2.1) 341 (4.4) <.001
  Osteoporosis 48 (0.9) 111 (1.4) .009
  Substance abuse or dependence 517 (9.7) 795 (10.2) .35

aThe variables “Respiratory rate,” “Temperature,” “Pulse oximetry,” “Heart rate,” “Payment type,” “Seen within last 72 hours,” and “Episode of
care” have missing data proportions ranging between 5% and 10%. The variables “Arrival time,” “Patient residence,” “Arrival by ambulance,”
“Systolic blood pressure,” “Diastolic blood pressure,” and “Visit related to injury or trauma, overdose or poisoning, or adverse effect of medical or
surgical treatment” have missing data proportions of less than 5%.
bCHIP: Children’s Health Insurance Program.
cDBP: diastolic blood pressure.
dSBP: systolic blood pressure.
eCVA: cerebrovascular accident.
fCKD: chronic kidney disease.
gCOPD: chronic obstructive pulmonary disease.
hCHF: congestive heart failure.
iCAD: coronary artery disease.
jESRD: end-stage renal disease.
kPE: pulmonary embolism.
lDVT: deep vein thrombosis.
mVTE: venous thromboembolism.
nOSA: obstructive sleep apnea.

Figure 1 displays adjusted odds ratios (ORs) and 95% CIs
for predictors of laboratory test use during ED visits, derived
from Lasso-selected logistic regression models. Older age,
particularly aged 65 years and older (OR 2.30, 95% CI
2.01‐2.62), and arrival by ambulance (OR 2.31, 95% CI
2.07‐2.58) were among the strongest predictors of laboratory
test use. Patients with chronic conditions such as hypertension
(OR 1.87, 95% CI 1.68‐2.08), type II diabetes (OR 1.69,
95% CI 1.47‐1.93), chronic kidney disease (OR 2.12, 95%
CI 1.75‐2.56), and cancer (OR 1.85, 95% CI 1.48‐2.30) had
significantly higher odds of receiving laboratory tests. In

contrast, visits related to injury or trauma were associated
with substantially lower odds of testing (OR 0.39, 95% CI
0.35‐0.43). Elevated heart rate (>90 bpm) (OR 1.32, 95%
CI 1.20‐1.45), low diastolic blood pressure (<60 mm Hg)
(OR 1.36, 95% CI 1.15‐1.60), respiratory rate of more than
20 breaths/minute (OR 1.66, 95% CI 1.37‐2.02), tempera-
ture of more than 38°C (OR 1.87, 95% CI 1.32‐2.65), and
oxygen saturation of less than 95% (OR 2.38, 95% CI
2.03‐2.78) were all significantly associated with increased
odds of laboratory testing, reflecting the influence of clinical
instability on diagnostic intensity.
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Figure 1. Forest plot of odds ratios with 95% CI (log scale). CKD: chronic kidney disease; CHF: congestive heart failure; COPD: chronic obstructive
pulmonary disease; CVA: cerebrovascular disease or history of stroke; CAD: coronary artery disease; DM: diabetes mellitus; ESRD: end-stage renal
disease; OSA: obstructive sleep apnea; PE: pulmonary embolism; VTE: venous thromboembolism.
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Figure 2 illustrates the ROC curves for the 4 ML
models developed to predict laboratory test use during
ED visits. These models included (1) a structured-only
model, which used demographic, clinical, and visit-level
features; (2) an unstructured-only model, which used
BERT-derived embeddings from free-text chief complaints

and reason-for-visit narratives; (3) a combined model, which
integrated both structured and unstructured inputs; and (4)
a mean probability model, which averaged the predicted
probabilities from the structured-only and unstructured-only
models without retraining.

Figure 2. Receiver operating characteristic (ROC) curves for the 4 models evaluated in the study. Each model includes the structured data model,
which uses only structured data such as patient demographics, visit characteristics, vital signs, and medical history; the unstructured data model,
a Bidirectional Encoder Representations from Transformers (BERT)–based natural language processing (NLP) model that uses only unstructured
data, including chief complaints and reasons for injury; the combined input model, a machine learning (ML) classification model that integrates both
structured data and BERT-extracted features from the unstructured data; and the mean probability model, which averages the predicted probabilities
from the structured data model and the unstructured data model. (A) Logistic regression, (B) random forest, (C) gradient boosting, and (D) extreme
gradient boosting. AUC: area under the ROC curve.

Among the models, the combined model demonstrated the
highest predictive performance, with an AUC of 0.83,
indicating excellent discrimination between visits with and
without laboratory test orders. This performance reflects
the model’s ability to capture both quantifiable patient
characteristics and nuanced clinical context embedded in
free-text narratives. The structured-only model achieved a
slightly lower AUC of 0.78, suggesting that structured
data alone provided a strong baseline for prediction but
lacked the richness conveyed in narrative data. The unstruc-
tured-only model, based entirely on transformer-derived text
embeddings, yielded an AUC of 0.74. While lower than
the structured and combined models, it still demonstrated
that free-text chief complaints and injury descriptions carry
meaningful predictive signals for test use, especially in the
absence of structured data. The mean probability model—a

late-fusion ensemble averaging outputs from the structured-
only and unstructured-only models—achieved an AUC of
0.81, performing better than either source alone but slightly
below the fully integrated combined model. This result
underscores the benefit of model ensembling, even without
retraining or direct feature integration. All detailed perform-
ance metrics are presented in Table 2.
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Global Feature Importance
SHAP analysis findings were consistent with logistic
regression. The Combined_Chief_Complaint was the most
influential feature across all models. Similar findings were
observed across models; the most influential features included

age, a visit related to injury, poisoning, or an adverse effect
of medical or surgical treatment, ambulance arrival, and vital
signs (hypertension, chronic kidney disease, and diabetes).
Table 3 presents all SHAP values across models.

Table 3. Shapley additive explanations (SHAP) values across machine learning (ML) modelsa,b

ML model and feature group Mean |SHAP|
Gradient boosting
  CCCc 2.4591
  Age (y) 0.2100
  ABAd 0.1736
  VRIPAe 0.1734
  Hypertension 0.1211
  Heart rate 0.1100
  Respiratory rate 0.0399
  Insurance type 0.0393
  Pulse oximetry (%) 0.0379
  Diastolic blood pressure 0.0262
  Hyperlipidemia 0.0222
  Body temperature 0.0206
  Coronary artery disease 0.0206
  Month of EDf visit 0.0202
  Type I diabetes 0.0122
  Chronic kidney disease 0.0121
  Congestive heart failure 0.0110
  Systolic blood pressure 0.0110
  Cancer 0.0093
  Type II diabetes 0.0087
Extreme boosting
  CCC 9.7059
  Age (y) 0.3059
  ABA 0.2658
  VRIPA 0.2445
  Heart rate 0.1921
  Hypertension 0.1593
  Systolic blood pressure 0.1228
  Pulse oximetry (%) 0.1146
  Body temperature 0.1117
  Diastolic blood pressure 0.0987
  Insurance type 0.0943
  Respiratory rate 0.0932
  Month of ED visit 0.0903
  Race or ethnicity 0.0675
  Coronary artery disease 0.0587
  Pain level at triage 0.0392
  Type II diabetes 0.0367
  Type I diabetes 0.0360
  Hyperlipidemia 0.0357
  Day of week of visit 0.0343
Random forest

 

JMIR MEDICAL INFORMATICS Zhang et al

https://medinform.jmir.org/2026/1/e85255 JMIR Med Inform 2026 | vol. 14 | e85255 | p. 11
(page number not for citation purposes)

https://medinform.jmir.org/2026/1/e85255


 
ML model and feature group Mean |SHAP|
  CCC 0.2726
  VRIPA 0.0525
  Age (y) 0.0427
  ABA 0.0281
  Hypertension 0.0275
  Heart rate 0.0178
  Insurance type 0.0142
  Respiratory rate 0.0118
  Pulse oximetry (%) 0.0116
  Month of EDf visit 0.0094
  Hyperlipidemia 0.0067
  Race or ethnicity 0.0060
  Sex 0.0036
  Coronary artery disease 0.0034
  Type II diabetes 0.0029
  EOCg 0.0021
  Congestive heart failure 0.0019
  Depression 0.0019
  Chronic kidney disease 0.0018
  Type I diabetes 0.0016
Logistic regression
  CCC 43.6904
  Age (y) 0.2433
  ABA 0.2333
  VRIPA 0.2011
  Heart rate 0.1558
  Hypertension 0.1146
  Month of ED visit 0.0751
  Type 1 diabetes 0.0616
  EOC 0.0547
  Hyperlipidemia 0.0509
  Race or ethnicity 0.0509
  Diastolic blood pressure 0.0464
  Cancer 0.0423
  Body temperature 0.0423
  Pain level at triage 0.0417
  Depression 0.0396
  Insurance type 0.0392
  Chronic kidney disease 0.0378
  Congestive heart failure 0.0374
  Coronary artery disease 0.0358

aSHAP values for textual input were aggregated by summing the mean absolute SHAP values across all BERT embedding dimensions, treating the
text as a single composite feature, that is, CCC, VRIPA, ABA, and EOC.
bThe reference group is “2016-only (no revisits in 2017–2019)”.
cCCC: Combined_Chief_Complaint.
dABA: arrival by ambulance.
eVRIPA: visit related to injury, poisoning.
fED: emergency department.
gEOC: Episode of Care.
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Discussion
Summary of Main Findings
This study developed and evaluated ML models to predict
whether general laboratory tests are ordered during ED
visits and found that combining structured EHR variables
with unstructured clinical text yields the strongest predictive
accuracy. Across model families, the combined approach
consistently outperformed models built on structured-only
or unstructured-only inputs, underscoring the complementary
value of integrating quantifiable patient factors with the
contextual nuance present in free-text narratives. Notably,
such a finding builds on and further affirms the exist-
ing methodological literature suggesting the potential of
combining structured and unstructured data [28,29].

Methodologically, our work extends prior studies that
either relied exclusively on structured EHR data or
incorporated unstructured text using basic NLP techni-
ques. By leveraging contextualized language model embed-
dings (BERT) alongside structured features and comparing
structured-only, unstructured-only, and combined inputs
within a common framework, we demonstrate the added
value of free-text clinical narratives for laboratory-order
prediction at scale. In 5-fold cross-validation, the combined
model achieved an AUC of 0.83, compared with 0.78 for
structured-only, 0.74 for unstructured-only, and 0.81 for a
simple late-fusion mean-probability ensemble, indicating that
feature-level integration captures informative cross-modal
interactions beyond the ensemble alone. Performance was
robust to alternative text-embedding pooling strategies ([CLS]
vs mean pooling), suggesting that gains are not an artifact
of a particular representation choice. Model interpretability
analyses were concordant across methods: the aggregated
text-embedding feature and clinically intuitive predictors
(eg, age, ambulance arrival, injury indicator, comorbidities,
and vital signs) were among the most influential contribu-
tors, consistent with associations observed in Lasso-selected
logistic regression.

Across all ML model families, SHAP analyses demonstra-
ted a highly consistent set of influential predictors, includ-
ing patient age, arrival by ambulance, abnormal vital signs
(notably tachycardia, tachypnea, hypoxia, and fever), chronic
comorbidity burden, and injury-related visit status. These
findings align closely with established emergency medicine
literature showing that older age, higher acuity of arrival,
and physiologic instability are central drivers of diagnos-
tic intensity and laboratory use in ED populations [30,31].
Large observational studies and multicenter cohort analyses
have consistently demonstrated that derangements in initial
vital signs are strongly associated with downstream diagnos-
tic evaluation, admission, and short-term adverse outcomes,
particularly among older and medically complex patients
[32]. Similarly, chronic conditions such as diabetes, hyperten-
sion, and chronic kidney disease have been shown to increase
clinicians’ diagnostic vigilance due to higher baseline risk,
atypical presentations, and concern for occult metabolic or

infectious pathology, reinforcing their consistent importance
across predictive models [33].

In contrast, injury-related or trauma-related visits were
consistently associated with a lower predicted likelihood of
laboratory testing, reflecting well-described trauma work-
flows that emphasize imaging, procedural assessment, and
protocolized resuscitation over broad laboratory evaluation in
the absence of physiologic instability [34,35]. Prior trauma-
focused studies have shown that routine laboratory test-
ing in low-to-moderate-severity trauma often yields limited
actionable information, supporting more selective testing
strategies [36]. Notably, the aggregated unstructured text
feature (Combined Chief Complaint) emerged as the most
influential predictor across all models, underscoring the
critical role of free-text documentation in capturing early
diagnostic reasoning. Recent explainable machine-learning
studies in emergency care have demonstrated that clini-
cal narratives encode nuanced contextual signals—such as
concern for infection, metabolic disturbance, or cardiores-
piratory compromise—that may precede or extend beyond
structured data in shaping test-ordering behavior [28,33].
Together, these findings indicate that integrating unstructured
clinical text not only improves predictive performance but
also closely mirrors real-world clinical reasoning during early
ED decision-making.
Clinical Implications
These findings have practical implications for diagnostic
stewardship in ED settings. Because unnecessary or default
laboratory testing contributes to avoidable costs, patient
burden, and workflow inefficiency, predictive models that
identify encounters with a lower likelihood of testing could
serve as a lightweight prompt for clinicians to reassess routine
or defensive ordering. In this way, model outputs can support
more efficient, evidence-informed, and patient-centered care
while preserving clinician judgment [37].

The results also highlight the use of transformer-based
language models in clinical prediction tasks: contextual
embeddings capture linguistic complexity and semantic
relationships in chief complaints and triage narratives, such
as early concern for infection, hemodynamic instability,
or metabolic disturbance, which may precede and inform
ordering decisions in ways not fully represented by struc-
tured data [38]. As large language models trained on
clinical corpora continue to evolve, there is potential to
further improve performance, interpretability, and operational
usability for diagnostic stewardship applications.

Beyond model performance, we observed differences in
laboratory testing by race and insurance status that mirror
longstanding variations in diagnostic intensity across US
EDs. Prior work has documented that minoritized racial
groups often receive fewer diagnostic tests and procedures,
even after accounting for presenting features, while Medi-
care-insured patients–typically older with a higher comorbid-
ity burden—more often undergo extensive evaluation, and
uninsured or Medicaid-insured patients experience reduced
diagnostic intensity. Our findings align with this broader
literature and underscore the importance of examining
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how predictive systems may interact with existing dispar-
ities in care [30,39]. Future development should incorpo-
rate subgroup performance assessment and formal fairness
analyses to mitigate the risk of reinforcing inequities [40,41].

Generalizability also warrants consideration. Although
NHAMCS-ED provides a nationally representative picture
of US emergency care, practice patterns, documentation
structures, and diagnostic workflows can differ across
individual hospitals, integrated health systems, and interna-
tional ED settings. Variations in staffing models, triage
protocols, and resource availability may influence both
baseline testing rates and the predictors of ordering deci-
sions. Accordingly, site-specific validation and prospective
assessment are needed prior to operational deployment to
ensure reliable performance across diverse clinical environ-
ments.

Finally, the clinical relevance of use prediction depends
on its linkage to diagnostic quality and outcomes. While
our models accurately predict the occurrence of laboratory
testing, they do not evaluate appropriateness or downstream
benefits (eg, diagnostic yield, treatment changes, ED length
of stay, admission, and 72-h revisit). As such, this work
should be viewed as a use-prediction study rather than an
assessment of diagnostic quality. Prospective studies that
pair deployment with adjudicated appropriateness criteria (eg,
guideline-concordant ordering and choosing wisely targets)
and patient-relevant outcomes are needed to establish clinical
utility beyond use reduction.

Translating these models into decision support also
requires attention to implementation details. Interpretability
is essential for clinician trust; concise, case-level explan-
ations (eg, SHAP-based summaries or simplified feature
highlights) can clarify why a prediction was generated.
User-interface design should minimize workflow disruption
by surfacing predictions at natural decision points (eg, triage
or during order entry) and offering actionable, context-aware
cues rather than prescriptive directives. To avoid exacerbat-
ing alert fatigue, signals should be delivered judiciously,
preferably through passive or noninterruptive displays with
configurable thresholds and governance oversight. Address-
ing these considerations will be critical to realizing the
potential of combined structured–unstructured models to
support diagnostic stewardship in emergency care.
Limitations
Despite the promising results, several limitations must be
acknowledged. First, though nationally representative, the

NHAMCS-ED dataset is cross-sectional, thus limiting our
ability to further evaluate the long-term pattern of labora-
tory testing in future ED admissions, if any. Second, while
the models performed well in predicting laboratory orders,
they do not assess clinical appropriateness. Future work
should aim to distinguish between necessary and unnecessary
testing to directly address overuse. Third, laboratory test use
was operationalized as a binary outcome, which does not
capture the complexity of test selection, test combinations,
or sequencing during ED encounters. While this approach
supports scalable modeling and avoids arbitrary weighting
of heterogeneous tests, more granular representations of
laboratory ordering behavior may yield additional insights in
future studies. Fourth, integrating predictive tools into clinical
workflows requires tailored and setting-specific design,
critical provider engagement, and diligent ethical oversight
to ensure that the integration of ML models supports rather
than replaces clinician judgment. Fifth, this study did not
formally assess algorithmic fairness or evaluate subgroup
performance using established fairness metrics (eg, dispa-
rate impact, equal opportunity, or calibration across race or
ethnicity or insurance groups). Given the observed varia-
tion in laboratory testing across demographic and insurance
strata, future research should incorporate formal fairness
analyses to ensure that predictive models do not inadver-
tently reproduce or amplify existing inequities in diagnostic
care. Sixth, this study did not assess the clinical appropriate-
ness or downstream benefit of laboratory testing; as such,
results reflect the prediction of test occurrence rather than
diagnostic quality or impact on outcomes. Finally, the study
could enhance its applicability by outlining practical steps
for real-world implementation and validation within hospital
environments. Specifically, it should address strategies for
effectively integrating predictive insights into existing clinical
workflows in a manner that is nonintrusive yet informative
for clinicians, ensuring these models enhance rather than
hinder decision-making processes.
Conclusions
In summary, this study confirms the feasibility and added
value of using combined structured and unstructured EHR
data to predict laboratory test orders in ED settings. Such
models can inform more intelligent diagnostic workflows
by capturing quantifiable risk factors and nuanced clini-
cal reasoning. Future work should focus on the real-time
implementation and validation of diagnostic stewardship,
aiming to reduce health care waste and improve patient
outcomes in acute care environments.

Acknowledgments
No generative artificial intelligence tools were used at any stage in the preparation of this manuscript.
Funding
This research was supported by internal funding allocated to XZ from the Department of Communication Science and
Disorders at the University of Pittsburgh.
Data Availability
The National Hospital Ambulatory Medical Care Survey–Emergency Department (NHAMCS-ED) dataset can be accessed
through the website of the US Centers for Disease Control and Prevention. All the data are in a Statistical Analysis System

JMIR MEDICAL INFORMATICS Zhang et al

https://medinform.jmir.org/2026/1/e85255 JMIR Med Inform 2026 | vol. 14 | e85255 | p. 14
(page number not for citation purposes)

https://medinform.jmir.org/2026/1/e85255


(SAS) format. To get the unstructured data, one needs to run the SAS format files before importing the data into the analysis
software.
Conflicts of Interest
None declared.
Multimedia Appendix 1
Missing data pattern analysis.
[DOCX File (Microsoft Word File), 21 KB-Multimedia Appendix 1]
References
1. Medford-Davis LN, Singh H, Mahajan P. Diagnostic decision-making in the emergency department. Pediatr Clin North

Am. Dec 2018;65(6):1097-1105. [doi: 10.1016/j.pcl.2018.07.003] [Medline: 30446050]
2. Shaik T, Mahmood R, Kanagala SG, et al. Lab testing overload: a comprehensive analysis of overutilization in hospital-

based settings. Proc (Bayl Univ Med Cent). 2024;37(2):312-316. [doi: 10.1080/08998280.2023.2288788] [Medline:
38343466]

3. Zare S, Meidani Z, Shirdeli M, Nabovati E. Laboratory test ordering in inpatient hospitals: a systematic review on the
effects and features of clinical decision support systems. BMC Med Inform Decis Mak. Jan 18, 2021;21(1):20. [doi: 10.
1186/s12911-020-01384-8] [Medline: 33461548]

4. Johnson MM, Lewandrowski KB. Analysis of emergency department test ordering patterns in an urban academic
medical center: can the point‑of‑care option in a satellite laboratory provide sufficient menu to permit full service testing.
Point Care. 2007;6(2):134-138. [doi: 10.1097/01.poc.0000271401.14936.40]

5. Institute of Medicine (US) Roundtable on Evidence-Based Medicine. Transparency of cost and performance. In: Yong
PL, Saunders RS, Olsen L, editors. The Healthcare Imperative. National Academies Press; 2010:335-358. ISBN:
9780309186834

6. Lyles CR, Nelson EC, Frampton S, Dykes PC, Cemballi AG, Sarkar U. Using electronic health record portals to improve
patient engagement: research priorities and best practices. Ann Intern Med. Jun 2, 2020;172(11 Suppl):S123-S129. [doi:
10.7326/M19-0876] [Medline: 32479176]

7. Ahmed Z, Mohamed K, Zeeshan S, Dong XQ. Artificial intelligence with multi-functional machine learning platform
development for better healthcare and precision medicine. Database (Oxford). Jan 1, 2020;2020:baaa010. [doi: 10.1093/
database/baaa010] [Medline: 32185396]

8. Mathov Y, Levy E, Katzir Z, Shabtai A, Elovici Y. Not all datasets are born equal: on heterogeneous tabular data and
adversarial examples. Knowl Based Syst. Apr 2022;242:108377. [doi: 10.1016/j.knosys.2022.108377]

9. Hopkins D, Rickwood DJ, Hallford DJ, Watsford C. Structured data vs. unstructured data in machine learning prediction
models for suicidal behaviors: a systematic review and meta-analysis. Front Digit Health. 2022;4:945006. [doi: 10.3389/
fdgth.2022.945006] [Medline: 35983407]

10. Baron JM, Huang R, McEvoy D, Dighe AS. Use of machine learning to predict clinical decision support compliance,
reduce alert burden, and evaluate duplicate laboratory test ordering alerts. JAMIA Open. Jan 2021;4(1):ooab006. [doi:
10.1093/jamiaopen/ooab006] [Medline: 33709062]

11. Rabbani N, Ma SP, Li RC, et al. Targeting repetitive laboratory testing with electronic health records-embedded
predictive decision support: a pre-implementation study. Clin Biochem. Mar 2023;113:70-77. [doi: 10.1016/j.
clinbiochem.2023.01.002] [Medline: 36623759]

12. Bzdok D, Thieme A, Levkovskyy O, Wren P, Ray T, Reddy S. Data science opportunities of large language models for
neuroscience and biomedicine. Neuron. Mar 6, 2024;112(5):698-717. [doi: 10.1016/j.neuron.2024.01.016] [Medline:
38340718]

13. Shu X, Ye Y. Knowledge Discovery: methods from data mining and machine learning. Soc Sci Res. Feb
2023;110:102817. [doi: 10.1016/j.ssresearch.2022.102817] [Medline: 36796993]

14. Goodson JD, Shahbazi S. The National Ambulatory Medical Care Survey (NAMCS) at fifty: past and future. Healthc
(Amst). Dec 2024;12(4):100754. [doi: 10.1016/j.hjdsi.2024.100754] [Medline: 39531953]

15. Asao K, Kaminski J, McEwen LN, Wu X, Lee JM, Herman WH. Assessing the burden of diabetes mellitus in emergency
departments in the United States: the National Hospital Ambulatory Medical Care Survey (NHAMCS). J Diabetes
Complications. 2014;28(5):639-645. [doi: 10.1016/j.jdiacomp.2014.02.005] [Medline: 24680472]

16. Kaur J, Sohal RS. Noise estimation and removal in natural language processing. In: Handbook of Vibroacoustics, Noise
and Harshness. Springer; 2025:693-717. [doi: 10.1007/978-981-97-8100-3_38]

17. Bird S, Klein E, Loper E. Natural Language Processing with Python. O’Reilly Media; 2009. ISBN: 9780596555719

JMIR MEDICAL INFORMATICS Zhang et al

https://medinform.jmir.org/2026/1/e85255 JMIR Med Inform 2026 | vol. 14 | e85255 | p. 15
(page number not for citation purposes)

https://jmir.org/api/download?alt_name=medinform_v14i1e85255_app1.docx
https://jmir.org/api/download?alt_name=medinform_v14i1e85255_app1.docx
https://doi.org/10.1016/j.pcl.2018.07.003
http://www.ncbi.nlm.nih.gov/pubmed/30446050
https://doi.org/10.1080/08998280.2023.2288788
http://www.ncbi.nlm.nih.gov/pubmed/38343466
https://doi.org/10.1186/s12911-020-01384-8
https://doi.org/10.1186/s12911-020-01384-8
http://www.ncbi.nlm.nih.gov/pubmed/33461548
https://doi.org/10.1097/01.poc.0000271401.14936.40
https://doi.org/10.7326/M19-0876
http://www.ncbi.nlm.nih.gov/pubmed/32479176
https://doi.org/10.1093/database/baaa010
https://doi.org/10.1093/database/baaa010
http://www.ncbi.nlm.nih.gov/pubmed/32185396
https://doi.org/10.1016/j.knosys.2022.108377
https://doi.org/10.3389/fdgth.2022.945006
https://doi.org/10.3389/fdgth.2022.945006
http://www.ncbi.nlm.nih.gov/pubmed/35983407
https://doi.org/10.1093/jamiaopen/ooab006
http://www.ncbi.nlm.nih.gov/pubmed/33709062
https://doi.org/10.1016/j.clinbiochem.2023.01.002
https://doi.org/10.1016/j.clinbiochem.2023.01.002
http://www.ncbi.nlm.nih.gov/pubmed/36623759
https://doi.org/10.1016/j.neuron.2024.01.016
http://www.ncbi.nlm.nih.gov/pubmed/38340718
https://doi.org/10.1016/j.ssresearch.2022.102817
http://www.ncbi.nlm.nih.gov/pubmed/36796993
https://doi.org/10.1016/j.hjdsi.2024.100754
http://www.ncbi.nlm.nih.gov/pubmed/39531953
https://doi.org/10.1016/j.jdiacomp.2014.02.005
http://www.ncbi.nlm.nih.gov/pubmed/24680472
https://doi.org/10.1007/978-981-97-8100-3_38
https://medinform.jmir.org/2026/1/e85255


18. Deepa MD, Tamilarasi A. Bidirectional encoder representations from transformers (BERT) language model for
sentiment analysis task: review. Turk J Comput Math Educ. 2021;12(7):1708-1721. URL: https://www.turcomat.org/
index.php/turkbilmat/article/view/3055/2624 [Accessed 2026-05-29]

19. Geetha MP, Renuka DK. Improving the performance of aspect based sentiment analysis using fine-tuned Bert Base
Uncased model. Int J Intell Netw. 2021;2:64-69. [doi: 10.1016/j.ijin.2021.06.005]

20. Kumar A, Ware N, Gupta S. Leveraging transfer learning: fine-tuning methodology for enhanced text classification
using BERT. Presented at: 2024 IEEE Pune Section International Conference (PuneCon); Dec 13-15, 2024; Pune, India.
[doi: 10.1109/PuneCon63413.2024.10895448]

21. Devlin J, Chang MW, Lee K, Toutanova K. BERT: pre-training of deep bidirectional transformers for language
understanding. Presented at: Proceedings of the 2019 Conference of the North American Chapter of the Association for
Computational Linguistics: Human Language Technologies (NAACL-HLT 2019); Jun 2-7, 2019; Minneapolis,
Minnesota. [doi: 10.18653/v1/N19-1423]

22. Alshebly O, Abdullah SN. Proposed two-steps procedure of classification high dimensional data with regularized logistic
regression. Stat Optim Inf Comput. 2024;12(2):325-342. [doi: 10.19139/soic-2310-5070-1846]

23. Nahm FS. Receiver operating characteristic curve: overview and practical use for clinicians. Korean J Anesthesiol. Feb
2022;75(1):25-36. [doi: 10.4097/kja.21209] [Medline: 35124947]

24. Naidu G, Zuva T, Sibanda EM. A review of evaluation metrics in machine learning algorithms. In: Artificial Intelligence
Application in Networks and Systems. Springer; 2023:15-25. [doi: 10.1007/978-3-031-35314-7_2]

25. Lundberg SM, Lee SI. A unified approach to interpreting model predictions. Presented at: Proceedings of the 31st
International Conference on Neural Information Processing Systems (NIPS’17); Dec 4-9, 2017:4766-4775; Long Beach,
California, USA. URL: https://dl.acm.org/doi/10.5555/3295222.3295230 [Accessed 2026-05-29]

26. Sharma P, Mirzan SR, Bhandari A, et al. Evaluating tree explanation methods for anomaly reasoning: a case study of
SHAP treeexplainer and treeinterpreter. In: Advances in Conceptual Modeling. Springer; 2020:35-45. [doi: 10.1007/978-
3-030-65847-2_4]

27. Miguel-Hurtado O, Guest R, Stevenage SV, Neil GJ, Black S. Comparing machine learning classifiers and linear/logistic
regression to explore the relationship between hand dimensions and demographic characteristics. PLoS One.
2016;11(11):e0165521. [doi: 10.1371/journal.pone.0165521] [Medline: 27806075]

28. Garriga R, Buda TS, Guerreiro J, Omaña Iglesias J, Estella Aguerri I, Matić A. Combining clinical notes with structured
electronic health records enhances the prediction of mental health crises. Cell Rep Med. Nov 21, 2023;4(11):101260.
[doi: 10.1016/j.xcrm.2023.101260] [Medline: 37913776]

29. Zhang D, Yin C, Zeng J, Yuan X, Zhang P. Combining structured and unstructured data for predictive models: a deep
learning approach. BMC Med Inform Decis Mak. Oct 29, 2020;20(1):280. [doi: 10.1186/s12911-020-01297-6]
[Medline: 33121479]

30. Ellenbogen MI, Prichett L, Brotman DJ. Characterizing the relationship between payer mix and diagnostic intensity at
the hospital level. J Gen Intern Med. Nov 2022;37(15):3783-3788. [doi: 10.1007/s11606-022-07453-0] [Medline:
35266125]

31. Candel BG, Duijzer R, Gaakeer MI, et al. The association between vital signs and clinical outcomes in emergency
department patients of different age categories. Emerg Med J. Dec 2022;39(12):903-911. [doi: 10.1136/emermed-2020-
210628] [Medline: 35017189]

32. Sibilio S, Turcato G, Van Grootven B, Ziller M, Brigo F, Zaboli A. A study of NEWS vital signs in the emergency
department for predicting short- and medium-term mortality using decision tree analysis. Appl Sci. 2025;15(15):8528.
[doi: 10.3390/app15158528]

33. van Doorn W, Helmich F, van Dam P, et al. Explainable machine learning models for rapid risk stratification in the
emergency department: a multicenter study. J Appl Lab Med. Mar 1, 2024;9(2):212-222. [doi: 10.1093/jalm/jfad094]
[Medline: 38102476]

34. Huber-Wagner S, Braunschweig R, Kildal D, et al. Imaging strategies for patients with multiple and/or severe injuries in
the resuscitation room: a systematic review and clinical practice guideline update. Eur J Trauma Emerg Surg. Apr 2,
2025;51(1):158. [doi: 10.1007/s00068-025-02840-8] [Medline: 40172649]

35. Popal Z, Schepers T, van Schie P, Giannakopoulos G, Halm J. The use of routine laboratory testing in acute trauma care:
a retrospective analysis. Ulus Travma Acil Cerrahi Derg. Jul 2022;28(7):954-959. [doi: 10.14744/tjtes.2021.14826]
[Medline: 35775666]

36. Patlas MN, Katz DS, Odedra D. Emergency and trauma imaging. In: Atlas of Emergency Imaging from Head-to-Toe.
Springer; 2025:1-7. [doi: 10.1007/978-3-030-44092-3_1-3]

37. Schinkel M, Boerman AW, Bennis FC, et al. Diagnostic stewardship for blood cultures in the emergency department: a
multicenter validation and prospective evaluation of a machine learning prediction tool. EBioMedicine. Aug
2022;82:104176. [doi: 10.1016/j.ebiom.2022.104176] [Medline: 35853298]

JMIR MEDICAL INFORMATICS Zhang et al

https://medinform.jmir.org/2026/1/e85255 JMIR Med Inform 2026 | vol. 14 | e85255 | p. 16
(page number not for citation purposes)

https://www.turcomat.org/index.php/turkbilmat/article/view/3055/2624
https://www.turcomat.org/index.php/turkbilmat/article/view/3055/2624
https://doi.org/10.1016/j.ijin.2021.06.005
https://doi.org/10.1109/PuneCon63413.2024.10895448
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.19139/soic-2310-5070-1846
https://doi.org/10.4097/kja.21209
http://www.ncbi.nlm.nih.gov/pubmed/35124947
https://doi.org/10.1007/978-3-031-35314-7_2
https://dl.acm.org/doi/10.5555/3295222.3295230
https://doi.org/10.1007/978-3-030-65847-2_4
https://doi.org/10.1007/978-3-030-65847-2_4
https://doi.org/10.1371/journal.pone.0165521
http://www.ncbi.nlm.nih.gov/pubmed/27806075
https://doi.org/10.1016/j.xcrm.2023.101260
http://www.ncbi.nlm.nih.gov/pubmed/37913776
https://doi.org/10.1186/s12911-020-01297-6
http://www.ncbi.nlm.nih.gov/pubmed/33121479
https://doi.org/10.1007/s11606-022-07453-0
http://www.ncbi.nlm.nih.gov/pubmed/35266125
https://doi.org/10.1136/emermed-2020-210628
https://doi.org/10.1136/emermed-2020-210628
http://www.ncbi.nlm.nih.gov/pubmed/35017189
https://doi.org/10.3390/app15158528
https://doi.org/10.1093/jalm/jfad094
http://www.ncbi.nlm.nih.gov/pubmed/38102476
https://doi.org/10.1007/s00068-025-02840-8
http://www.ncbi.nlm.nih.gov/pubmed/40172649
https://doi.org/10.14744/tjtes.2021.14826
http://www.ncbi.nlm.nih.gov/pubmed/35775666
https://doi.org/10.1007/978-3-030-44092-3_1-3
https://doi.org/10.1016/j.ebiom.2022.104176
http://www.ncbi.nlm.nih.gov/pubmed/35853298
https://medinform.jmir.org/2026/1/e85255


38. Mohan S, Li D. MedMentions: a large biomedical corpus annotated with UMLS concepts. arXiv. Preprint posted online
on Feb 25, 2019. [doi: 10.48550/arXiv.1902.09476]

39. Chang T, Nuppnau M, He Y, et al. Racial differences in laboratory testing as a potential mechanism for bias in AI: a
matched cohort analysis in emergency department visits. PLOS Glob Public Health. 2024;4(10):e0003555. [doi: 10.
1371/journal.pgph.0003555] [Medline: 39475953]

40. Abdollahpouri H, Adomavicius G, Burke R, et al. Beyond personalization: research directions in multistakeholder
recommendation. arXiv. Preprint posted online on May 1, 2019. [doi: 10.48550/arXiv.1905.01986]

41. Plečko D, Bareinboim E. Causal fairness analysis: a causal toolkit for fair machine learning. Found Trends Mach Learn.
Jan 31, 2024;17(3):304-589. [doi: 10.1561/2200000106]

Abbreviations
AUC: area under the receiver operating characteristic curve
BERT: Bidirectional Encoder Representations from Transformers
ED: emergency department
EHR: electronic health record
ML: machine learning
NHAMCS-ED: National Hospital Ambulatory Medical Care Survey–Emergency Department
NLP: natural language processing
OR: odds ratio
ROC: receiver operating characteristic
SHAP: Shapley additive explanations

Edited by Arriel Benis; peer-reviewed by Chih-Wei Sung, Veysel Karani Baris; submitted 03.Oct.2025; final revised version
received 22.Apr.2026; accepted 17.May.2026; published 15.Jun.2026

Please cite as:
Zhang X, Ling H, Zhang X, Zhang A
Predicting Laboratory Test Ordering in Emergency Departments Using Integrated Structured and Unstructured Electronic
Health Records: Machine Learning Study
JMIR Med Inform 2026;14:e85255
URL: https://medinform.jmir.org/2026/1/e85255
doi: 10.2196/85255

© Xingyu Zhang, Haipeng Ling, Xin Zhang, Anao Zhang. Originally published in JMIR Medical Informatics (https://
medinform.jmir.org), 15.Jun.2026. This is an open-access article distributed under the terms of the Creative Commons
Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduc-
tion in any medium, provided the original work, first published in JMIR Medical Informatics, is properly cited. The complete
bibliographic information, a link to the original publication on https://medinform.jmir.org/, as well as this copyright and license
information must be included.

JMIR MEDICAL INFORMATICS Zhang et al

https://medinform.jmir.org/2026/1/e85255 JMIR Med Inform 2026 | vol. 14 | e85255 | p. 17
(page number not for citation purposes)

https://doi.org/10.48550/arXiv.1902.09476
https://doi.org/10.1371/journal.pgph.0003555
https://doi.org/10.1371/journal.pgph.0003555
http://www.ncbi.nlm.nih.gov/pubmed/39475953
https://doi.org/10.48550/arXiv.1905.01986
https://doi.org/10.1561/2200000106
https://medinform.jmir.org/2026/1/e85255
https://doi.org/10.2196/85255
https://medinform.jmir.org
https://medinform.jmir.org
https://creativecommons.org/licenses/by/4.0/
https://medinform.jmir.org/
https://medinform.jmir.org/2026/1/e85255

	Predicting Laboratory Test Ordering in Emergency Departments Using Integrated Structured and Unstructured Electronic Health Records: Machine Learning Study
	Introduction
	Methods
	Ethical Considerations
	Data Source
	Outcome Variable: Laboratory Test Use
	Structured Predictors
	Unstructured Data and Bidirectional Encoder Representations from Transformers Model
	Association Analysis
	Predictive Model Development
	Evaluation Metrics
	Model Interpretability

	Results
	Descriptive Statistics and Feature Selection
	Global Feature Importance

	Discussion
	Summary of Main Findings
	Clinical Implications
	Limitations
	Conclusions



