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INTRODUCTION

Although healthcare-related allergic reactions to foods, drugs,
and other culprits are increasing, at least a fifth of allergies are
inaccurately documented or interpreted.! Clinicians do not
routinely recognize or appropriately treat allergic reactions;
even life-threatening anaphylaxis is often treated with antihis-
tamines or corticosteroids rather than recommended intramus-
cular epinephrine.”

Improving allergic reaction recognition, management, and
documentation requires improved detection and system-level
targeting. We previously identified healthcare system allergic
reactions using specialist-derived keyword search on safety
reporting data® and natural language processing on clinical
notes™® ° , each followed by manual review. However, as such
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methods proved too time- and labor-intensive for large-scale
allergy safety monitoring, we used a machine learning model
to describe the epidemiology of allergic reactions at two
academic medical centers (AMCs).

METHODS

Using a machine learning model trained on the free-text of
9107 manually labeled safety reports (rL, Toronto, Canada)
(average area under the receiver operating characteristic curve
0.979, 95% confidence interval 0.97370.985),6 we sorted vol-
untarily filed reports from July 1, 2008, to June 30, 2018, at
two United States AMCs by their model-predicted probability
of describing an allergic reaction in descending order. Reports
were manually reviewed until the last 200 reports contained
just one allergic event (i.e., false negative rate of 0.5%). Data
were obtained from rL databases; culprit allergens were man-
ually reviewed and grouped. Descriptive statistics were
reported.
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Figure 1 A decade of allergic reactions in two United States (US) academic medical centers. There were 290 (SD 75, range 141-385) mean
allergy events identified per year across both hospitals. Allergic reactions increased over a decade of measurement at a rate of 11.8 reactions
per year (p <0.05).
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Figure 2 Allergic reaction culprits. This Pareto chart demonstrates the most common allergen culprits: diagnostic contrast agents (n =1694),
chemotherapeutics (7 =385), and monoclonal antibodies (n =224). Some culprit agents (» =164) were unknown. “Diagnostic contrast agent”
(superscript “a”) includes computed tomography contrast (» =1081), magnetic resonance imaging contrast (n =367), unknown contrast (n =
241), ultrasound contrast (n =2), fluorescein (n =1), I-123 Nal capsule (# =1), and nuclear medicine contrast (n =1). “Chemotherapeutics”
(superscript “b”) includes paclitaxel (» =117), docetaxel (n =81), oxaliplatin (n = 64), carboplatin (n =58), unknown chemotherapy (n =30),
cisplatin (n =9), doxorubicin (n =7), etoposide (n =>5), gemcitabine (n =3), STA-9090 (n =2), irinotecan (n =2), cytosine arabinoside (n=1),
denileukin diftitox (» =1), erlotinib (» =1), imatinib (» =1), pemetrexed (» =1), topotecan (n=1), and trametinib (z =1). “Unknown culprit”
(superscript “c”) includes unknown culprit (# =164) and unknown drug culprit (» =103). “Monoclonal antibody” (superscript “d”) includes
rituximab (n =105), infliximab (n =58), natalizumab (n =16), cetuximab (n =8), trastuzumab (7 =7), nivolumab (n = 6), alemtuzumab (n=2),
brentuximab (n =2), daratumumab (n =2), ocrelizimab (n =2), ofatumumab (» =2), omalizumab (n =2), pertuzumab (n = 2), tocilizumab (n =
2), ustekinumab (n =2), atezolizumab (n=1), daclizumab (» =1), dalatizumab (n =1), ipilimumab (» =1), panitumumab (»=1), and
vedoluzimab (r=1). “Antibiotic” (superscript “e”) includes vancomycin (» =52), unknown antibiotic (n =14), cefazolin (» =13), ciprofloxacin
(n=12), cefepime (rn =11), ceftriaxone (n =11), levofloxacin (» = 8), ampicillin (» = 6), clindamycin (n = 6), sulfamethoxazole/trimethoprim (» =
6), amoxicillin (z =5), meropenem (n =5), nafcillin (n =4), ceftazidime (n =3), penicillin G (n = 3), piperacillin/tazobactam (n = 3), ampicillin/
sulbactam (n =2), cephalexin (n =2), metronidazole (n =2), azithromycin (n =1), aztreonam (n =1), cefotetan (n =1), clarithromycin (n=1),
dapsone (n =1), dicloxacillin (»=1), imipenem (» =1), minocycline (z =1), moxifloxacin (» =1), and tobramycin (n =1). “Blood product”
(superscript “f”) includes red blood cells (n =30), platelets (n =28), immunoglobulin (n =26), fresh frozen plasma (n = 15), unknown (n =14),
albumin (7 =3), bone marrow (n=1), and stem cells (» =1). “Healthcare product” (superscript “g”) includes latex (n =21), adhesive (n=13),
electrode (n =9), catheter (n = 6), dressing (n =2), filter (n =2), biopatch (n =1), blood pressure cuff (n =1), dialyzer (n =1), echocardiogram gel
(n=1), ink (n=1), mammography equipment (n = 1), polysulfone dialyzer (n = 1), radiation (n =1), strap (n=1), and trach shield (» =1). “Iron”
(superscript “h”) includes ferumoxytol (n = 16), feraheme (n =9), iron sucrose (n =5), iron dextran (n =4), ferric gluconate (n =3), ferritin (n =
1), and unknown (n =4). “Analgesic/Anesthetic” (superscript “i”) includes unknown anesthetic (» = 12), morphine (n =7), hydromorphone (n =
4), ketamine (n =2), oxycodone (n =2), percocet (n =2), acetaminophen (n =1), dexmedetomidine (r» =1), fentanyl (n» =1), hydrocodone (n=1),
lidocaine (» =1), lorazepam (n = 1), meperidine (» =1), midazolam (» =1), nalbuphine (» =1), novocaine (# =1), oxymorphone (rn =1), propofol
(n=1), and rocuronium (n=1). “Immunosuppressant” (superscript “j”) includes thymoglobulin (# = 6), cyclophosphamide (n =5),
methylprednisolone (n =5), dexamethasone (n=2), JTX-2011 (n=2), methotrexate (n =1), prednisone (n=1), temsirolimus (n=1),
triamcinolone (# =1), and unknown steroids (» =1). “Food” (superscript “k”) includes flavoring (» =2), milk (» =2), nutrition replacement (» =
2), peanut (n =2), applesauce (n=1), coloring (n =1), hot chocolate (n = 1), lobster (» =1), mushroom (n =1), parenteral nutrition (n=1),
raspberry yogurt (n=1), walnut (n=1), and unknown (n =2). “Cardiovascular agent” (superscript “I’) includes furosemide (n =3), lisinopril
(n=3), captopril (n=2), diltiazem (n =2), epoprostenol (n =1), neosynephrine (» =1), unknown anti-hypertensive (z=1), and vasopressin (rn =
1). “Anti-emetic” (superscript “m”) includes aprepitant (n =3), fosaprepitant (n =3), prochlorperazine (n =2), compazine (n=1),
metoclopramide (» =1), ondansetron (»=1), and promethazine (n=1). “Cleaning solution” (superscript “n”) includes chlorhexidine (n =3),
betadine (n =2), unknown cleaning agent (n =2), bleach (n =1), and cidex (n =1). “Vitamin/Mineral” (superscript “0”) includes leucovorin (rn =
2), vitamin K (n=2), niacin (» =1), thiamine (n =1), phytonadione (n» =1), and iodine (n =1). “Anticoagulant” (superscript “p”) includes
heparin (n=1), aspirin (n =3), prasugrel (n=1), and tissue plasminogen activator (n=1). “Vaccine” (superscript “q”) includes pneumococcal
vaccine (n =3), influenza vaccine (n = 1), zoster vaccine (n =1), and unknown vaccine (n =1). “Enzyme” (superscript “r”) includes asparaginase
(n=23), agalsidase beta (n=1), and rasburicase (n=1). “Allergen” (superscript “s”) includes allergen testing (n =2), bee venom (n=1),
immunotherapy (»=1), and Mantoux skin test (z =1). “Antifungal” (superscript “t”) includes amphotericin B (n =4). “Bisphosphonate”
(superscript “u”) includes zoledronic acid (n =3). For “Culprit” (asterisk symbol “*”), the following are not shown due to small size: abacavir
(n=1), efavirenz (n = 1), lamivudine (n = 1), dextrose (n = 1), haloperidol (z = 1), hydroxyethyl starch (n = 1), lamotrigine (= =1), phenytoin (n =
1), and probenecid (n=1).
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RESULTS

Of 251,476 safety reports, 3189 (1.3%) were confirmed aller-
gic reactions in 2923 patients (mean age 52 years, standard
deviation [SD] 17 years; 62% female). Allergic events in-
creased over time (Fig. 1). Allergic reactions were most com-
mon in imaging (n = 1674, 53%), infusion (n = 838, 26%), and
inpatient (n =321, 10%) settings, but also occurred in proce-
dural (n=121, 4%) and ambulatory (n =122, 4%) settings.
Most reactions resulted in temporary or minor harm (n = 2639,
83 %), fifteen (< 1%) reactions resulted in major harm or death.

Culprit allergens included diagnostic contrast agents (n =
1694, 53%), medications (n= 1154, 36%), blood products
(n=118, 4%), other healthcare products (n =63, 2%) includ-
ing latex (n=21, <1%), and foods (n=18, <1%) (Fig. 2).
Chemotherapeutics (n =385, 12%), monoclonal antibodies
(n=224, 7%), and antibiotics (n=178, 5%) such as beta-
lactams (n = 66, 2%) and vancomycin (n =52, 1%) were the
most common medication culprits. Culprit agents could not be
identified for 164 (5%) cases.

DISCUSSION

We identified 3189 allergic events from over 250,000 voluntarily
reported safety events across two large AMCs. Most events
occurred in imaging; over a quarter occurred in infusion settings.
Over half were due to contrast media, and over one-third were
due to medications, commonly chemotherapeutics, monoclonal
antibodies, and antimicrobial agents; blood products, foods, and
other healthcare products were also identified as culprits. Al-
though over 80% of allergic reactions caused only temporary or
minor harm, fifteen events resulted in major harm or death.

Allergic reaction treatment requires prompt identification;
future allergic reaction prevention requires appropriate docu-
mentation. Unfortunately, these critical safety steps happen
infrequently.” 7 Our study suggests the strongest potential for
allergy safety initiatives that target radiology and infusion
settings where contrast media, chemotherapeutics, and mono-
clonal antibodies are administered.

Because allergic events are rare and caused by a variety of
culprits, healthcare systems do not explicitly track them. This
machine learning model enabled allergic reaction detection
from large amounts of voluntarily reported data; however, to
facilitate automated downstream quality and safety improve-
ment initiatives, the model would need to identify the culprit
and reaction and demonstrate a similarly strong performance
with other types of free-text clinical data (e.g., notes).

Study limitations include the voluntary nature of safety
reports, including reporting culture variations between hospi-
tals and over time. However, we reduced the impact of
reporting culture by studying two large hospitals with different
reporting practices. Minor reactions not warranting a safety
report may have been missed. Finally, results from two AMCs
in one US city may not be generalizable.

We identified and characterized allergic reactions in academic
healthcare settings from a large volume of voluntarily reported
safety data; we elucidate the variety of potential healthcare aller-
gens and show that contrast media, chemotherapeutics, and
biologics are the highest-risk culprits. These epidemiologic data
can guide hospitals in concentrating allergy safety efforts.
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