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ABSTRACT

Objective: Incomplete and static reaction picklists in the allergy module led to free-text and missing entries that
inhibit the clinical decision support intended to prevent adverse drug reactions. We developed a novel, data-
driven, “dynamic” reaction picklist to improve allergy documentation in the electronic health record (EHR).
Materials and Methods: We split 3 decades of allergy entries in the EHR of a large Massachusetts healthcare
system into development and validation datasets. We consolidated duplicate allergens and those with the same
ingredients or allergen groups. We created a reaction value set via expert review of a previously developed
value set and then applied natural language processing to reconcile reactions from structured and free-text
entries. Three association rule-mining measures were used to develop a comprehensive reaction picklist dy-
namically ranked by allergen. The dynamic picklist was assessed using recall at top k suggested reactions, com-
paring performance to the static picklist.

Results: The modified reaction value set contained 490 reaction concepts. Among 4 234 327 allergy entries col-
lected, 7463 unique consolidated allergens and 469 unique reactions were identified. Of the 3 dynamic reaction
picklists developed, the 1 with the optimal ranking achieved recalls of 0.632, 0.763, and 0.822 at the top 5, 10,
and 15, respectively, significantly outperforming the static reaction picklist ranked by reaction frequency.
Conclusion: The dynamic reaction picklist developed using EHR data and a statistical measure was superior to
the static picklist and suggested proper reactions for allergy documentation. Further studies might evaluate the
usability and impact on allergy documentation in the EHR.

INTRODUCTION have an allergy module—or allergy list—to support this documenta-
Documentation of adverse reactions to drugs, foods, and healthcare tion. Despite being called an “allergy list,” diverse adverse reactions
product ingredients, such as adhesives and latex, in the electronic beyond allergies (eg, intolerances, contraindications) are docu-
health record (EHR) is critical to patient safety. Most EHR systems mented in this list. Allergy list documentation is a routine compo-
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Figure 1. An overview of the workflow for the development and evaluation of the proposed dynamic reaction picklist. The source data were the allergy entries in
an allergy repository of a large Massachusetts healthcare system containing allergens and reactions. The data preparation processes include (1) allergen consoli-
dation conducted through knowledge-based mapping, (2) refinement of reaction picklist conducted through exclusive manual expert review, and (3) reaction rec-
onciliation from free-text entries using natural language processing. The dynamic reaction picklist was then developed using association rule-mining measures

and evaluated.

nent of ambulatory and hospitalized care'; more than 35% of
patients have at least 1 EHR-documented allergy, and 4% have 3 or
more EHR-documented allergies.” While several allergy data ele-
ments can be captured in the allergy list (eg, reaction, severity, and
type), there are only 2 routinely reported data elements: the culprit
agent (also called allergen, such as a drug or food) and the resulting
adverse reaction(s), such as rash, hives, or anaphylaxis. Complete
and accurate reaction documentation is important to support clini-
cal decision-making and inform safe prescribing in healthcare set-
tings.

The current EHR allergy module has notable limitations that re-
duce its usefulness for clinical decision support.>'° Most current
EHR allergy modules rely on commercial or local dictionaries
shown to the user as a single, static picklist and ordered alphabeti-
cally. Even among hospitals with the same commercial EHR vendor,
reaction picklists vary by site; coded reaction options range from
just 10 to more than 100 reactions. For example, a large Massachu-
setts healthcare system’s reaction picklist contains 46 reactions (see
Supplementary Material Table 1), while a Colorado healthcare sys-
tem’s picklist contains a different set of 156 reactions. Without a
coded reaction lexicon comprehensive enough to encode the diverse
reactions encountered in clinical practice, reaction entries are often
incomplete and/or entered as free text.!* Indeed, up to half of reac-
tion fields are left blank, and at least one-sixth of reactions are en-
tered as free text.'?

The high prevalence of free-text and missing entries may be due
to the inadequacy of reaction picklists and/or the inconvenience of
searching for the most appropriate reaction using a static alphabet-
ized picklist. To address this, we used natural language processing
(NLP) to analyze a large volume of EHR allergen-reaction entries to
develop a comprehensive reaction value set of 787 reactions.'? Al-
though the value set is a comprehensive reaction list, it would be too
cumbersome for providers to search the entire list to enter the appro-
priate reaction(s). As such, in the present study, we developed a
novel, data-driven, “dynamic” reaction picklist through a combina-
tion of manual review efforts and data-mining techniques. With the
dynamic picklist, once an allergen is selected, the reaction picklist is
populated with the most probable reactions, thereby allowing pro-
viders to easily select coded reaction(s).

MATERIALS AND METHODS

The study method was comprised of 5 steps: (1) allergen consolida-
tion, (2) refinement of reaction value set, (3) reaction reconciliation
from free-text entries, (4) development of dynamic reaction picklist,
and (5) evaluation of the dynamic reaction picklist (see Figure 1).

Clinical setting and data sources

This study was conducted at a large Massachusetts healthcare sys-
tem that includes Massachusetts General Hospital and Brigham and
Women’s Hospital (Boston). The healthcare system initially used an
in-house developed EHR system but switched to a commercial EHR
vendor (ie, Epic) beginning in 2015. We used EHR allergy data from
all patients within our healthcare system between around March 28,
1980 and October 8, 2019. Data were entered by healthcare team
members, and each patient may have 1 or multiple allergy entries,
with each allergy entry corresponding to 1 allergen and any number
of reactions. The allergy data were separated into development and
validation datasets, with the development dataset including allergy
entries from 1980 to October 8, 2018, and the validation dataset in-
cluding entries from October 9, 2018 to October 8, 2019. Inactive
allergy entries and entries consisting of “No Known Allergies” were
excluded.

Allergen consolidation

The reference allergen table contained 42 027 allergens among
which are many synonyms, duplicates, brand names, or other varia-
tions. We consolidated allergens by developing a mapping among
allergens when they had (1) a versioning history in the database, (2)
the same name, or (3) the same ingredients and allergen groups.
First, for allergens that were indicated as expired or hidden but still
associated with active allergy entries in our database, we mapped
them to active allergens using the recorded mapping history. Second,
we consolidated allergens with the same names by mapping the less
frequently entered allergen(s) to the 1 entered most frequently. Fur-
thermore, we consolidated allergens that had the same ingredients
and allergen groups. To identify those allergens, we used the map-
pings between allergens and allergen groups, between allergens and
First Databank (FDB) medications, and between FDB medications
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and RxNorm ingredients.'® We excluded allergens at the drug class
level (eg, penicillins) from the consolidation process, as we tried to
avoid merging drug class-level allergens with specific drug allergens
under that class. Among allergens with the same ingredients and al-
lergen groups, we chose the allergen with the most entries in the
database as the preferred allergen term and considered the rest syno-
nyms. After the allergen consolidation, we updated the allergen
entries in our database using the preferred allergen names and gener-
ated an allergen and reaction co-occurrence table.

Refinement of reaction value set

We refined the reaction value set through expert panel review, using
the following 3-part process: (1) merging 2 reaction lists, (2) identi-
fying clinician preferred terms, and (3) consolidating reaction terms
that were overly granular, similar, or less-frequently used.

First, we merged the reaction picklist used in our EHR allergy
module with our reaction value set. There were notable differences
between the reaction terms included in the 2 datasets. The current
EHR reaction picklist contained 46 reactions, including commonly
reported reactions (eg, rash, hives, itching) and serious reactions (eg,
anaphylaxis, Stevens-Johnson syndrome). It did not include many
other common reactions, such as rhinitis, syncope, or bleeding. In a
prior study, we identified a comprehensive reaction value set of 787
reactions,'? but the concepts in this value set were much more gran-
ular compared to the EHR picklist. To address this, we mapped the
terms in the reaction value set to those in the picklist, using the latter
as preferred terms. For example, we mapped “dyspnea” in the reac-
tion value set to “shortness of breath” in the picklist, and similarly
mapped “nausea” and “nausea and vomiting” to “nausea and/or
vomiting.”

Second, as our goal was to develop a reaction picklist that could
be used by clinicians for reaction documentation in the EHR, we
updated the preferred terms of the reaction value set based on clini-
cians’ usage preference. This was accomplished by calculating the
occurrence of the SNOMED CT'* preferred terms and their syno-
nyms in the allergy database. We then identified a subset of reaction
concepts whose synonyms were more frequently entered by clini-
cians in the allergy database than the SNOMED CT preferred terms.
These reaction concepts and the most frequent synonyms were man-
ually reviewed by at least 2 clinicians (FG, SNS, ZTK, KGB) to de-
termine preferred reaction terms for data entry. For example,
“blood in urine” was the preferred term for a SNOMED CT concept
(ID: 34436003), but its synonym “hematuria” was much more fre-
quently mentioned in the free-text comments in our allergy database
and was therefore chosen as the preferred term in the refined reac-
tion value set. Similarly, while “dyssomnia” was the preferred term
in SNOMED CT, “sleep disturbance” occurred more frequently in
our database and, as such, was chosen as the preferred term in the
picklist.

Third, an expert panel with allergy subject matter expertise (FG,
KGB, SY, LZ, YL, LW) manually reviewed the merged reaction list
to further evaluate and consolidate the included reactions. Specifi-
cally for the final reaction picklist, we consolidated terms with simi-
lar meanings (eg, mapping “feeling nervous” to “anxiety”) and
terms with parent-child relationships (eg, mapping “finger swelling”
and “hand swelling” to “swelling of extremities”). We also identi-
fied and removed general or vague terms (eg, “toxicity,”
“addiction,” “allergic reaction”) and condition terms (eg,
“diabetes,” “bronchitis”) from the list. All decisions to merge or re-
move reactions were agreed upon by at least 2 of the experts.

Reaction reconciliation from free-text entries

We used an NLP tool suite called Medical Text Extraction, Reason-
ing, and Mapping System (MTERMS)'>!¢ to process the free-text
comments field in our database to extract any reaction terms men-
tioned. For this task, we used a knowledge-based approach within
the MTERMS allergy module. Using a lexicon,'? it extracted the re-
action terms used by our clinicians and mapped them to the corre-
sponding preferred terms in the refined reaction value set. It also
handled contextual information, such as negations. For each allergy
entry, we excluded any reactions found in free text that were also
among the coded reactions for that entry. This resulted in an
updated table of allergy entries where each allergy entry contained
all unique reactions in the refined reaction value set.

Development of the dynamic reaction picklist

Based on the updated allergen-reaction entries, we developed the dy-
namic reaction picklist. We explored 3 approaches to ranking reac-
tion concepts with respect to a given allergen substance: support,
modified lift (lift’), and derived term frequency inverse document
frequency (ie, tf-idf’)."”'® The formulations of the 3 measures that
we used to develop the dynamic picklist are defined in the following
formulas. P(x), P(y), and P(x,y) are the proportions of allergy
entries containing allergen x and reaction y and co-occurring aller-
gen x and reaction 1y, respectively. f., is the frequency of allergy
entries in the database in which x and y co-occurred. f, is the fre-
quency of allergy entries containing allergen x, N is the total number
of allergens, and 7, is the number of allergens that co-occurred with
reaction y. Note that the original formula for /it tends to raise the
association scores for extremely rare reactions, such as those with
only 1 occurrence. We added the square root function to the P(y) to
reduce the effect of the lift of rare reactions, thus the modified /ift is
denoted as lift.

support(x —y) = (i(xsy) (1)
lift (x — ) = Pl _ly) ; 2)

tfidf (x — y) =

The above formulas were applied only to those reactions that co-
occurred with an allergen. If an allergen did not co-occur with all of
the reactions in the reaction value set, it was impossible to form a
dynamic reaction picklist for that allergen that includes the full
value set. Thus, for each allergen, we ranked the reactions that never
co-occurred with that allergen by the frequency of each reaction’s
occurrence in the development dataset and concatenated that list to
the list of reactions that did co-occur with that allergen. This ensures
that each allergen will have a fully ranked reaction picklist.

Evaluation of the dynamic reaction picklist
We used retrospective allergy entries documented between October 09,
2018 and October 08, 2019 to evaluate the relevance, effectiveness,
and usefulness of the proposed dynamic picklist. Allergy entries with
new allergens that never occurred in the development dataset or with-
out any associated reactions were excluded from the validation dataset.
To choose proper evaluation metrics, we considered this ideal sce-
nario: When a clinician documents an allergy in the EHR, after choos-
ing the allergen, the dynamic reaction list should suggest the relevant
reactions among the top-k returned list. The smaller the k, the more ef-
ficiently the clinician can select the correct reaction. If the user cannot
find the desired reaction(s) among the top k, they might search among
the entire list, in which case the dynamic reaction list becomes less use-
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Table 1. Characteristics of the development and validation datasets from the EHR allergy database

Characteristics Allergy Data

Development Validation Total
Patients, n 1683245 272108 1850 444
Allergy entries, n 3743 553 490 774 4234327

Active allergy entries, n (%)

Allergy entries with free-text comments, n (%)

Allergy entries with at least 1 reaction, n (%)

Allergens before consolidation, n

Allergens after consolidation, n

Allergens after consolidation and have at least 1 associated reaction, n

Unique reactions used after the refinement and reaction list reconciliation, n

3280 743 (87.6)
1535 657 (41.0)
2171 548 (58.0)

475 583 (96.9)
156 193 (31.8)
276 348 (56.3)

3756 326 (88.7)
1691 850 (40.0)
2448 538 (57.8)

10 265 5968 11181
6720 4818 7463
5553 3419 6127
468 459 469

ful. Therefore, in our evaluation, we investigated the performance of
the dynamic reaction picklist with the top-k suggested reactions at
k <15 under the assumption that a list of more than 15 terms on a sin-
gle screen might be less acceptable to clinicians. Precision and recall at
top k are 2 classic evaluation metrics for recommendation systems,
where precision at k is the proportion of recommended items in the
top-k set that are relevant, while recall at top k is the proportion of rele-
vant items found in the top-k recommendations. We argue that, in our
application scenarios, it is more important to have all true positive reac-
tion terms among the suggested top k (k < 15) reactions (recall), while
it is less important to measure the proportion of positive reactions to
the entire suggested list (precision) as the number of true positive reac-
tions was often small, ranging from 1 to a few. Therefore, we measured
the performance of the dynamic reaction list in terms of the recall at
top k (k < 15), which is the proportion of true positive reactions among
the top k suggested reactions by the dynamic reaction picklist to the to-
tal number of true reactions in the validation dataset. In addition, we
compared the performance of 3 dynamic reaction picklists ranked by
support, lift’, and tfidf’ and the static reaction picklist, where the static
reaction picklist was a list of reactions ranked by their total occurrence
frequency in the development dataset, irrespective of allergen chosen.
We used the Friedman test to verify the significance of the difference,
followed by pairwise comparisons using the Nemenyi posthoc test.'”

RESULTS

As of October 8, 2019, the allergy database contained 4 234 327 al-
lergy entries of 1 850 444 unique patients among which 3 756 326
were active allergy reaction entries (excluding “No Known
Allergies” entries and allergy entries marked as inactive) with
2 289 511 active allergy entries having 1 or more reactions. The de-
velopment dataset contained 3 743 628 allergy entries of 1 683 678
patients (see Table 1). Among these, 3 280 743 (87.6%) were active
allergy entries, 1 535 657 (41.0%) were free-text reaction com-
ments, and 2 171 548 (58.0%) allergy entries had at least 1 reaction
in the refined reaction value set. The validation dataset contained a
total of 490 774 allergy entries corresponding to 272 108 patients.
Among these, 475 583 (96.9%) were active allergy entries, 156 193
(31.8%) were free-text reaction comments, and 276 348 (56.3%) al-
lergy entries had at least 1 reaction.

The allergen reference table in our EHR database contained a to-
tal of 42 639 allergens, but only 26.2% (n=11 181) of these aller-
gens had allergy entries in patient records, with 24.1% (n=10 265)
of allergens in the development dataset, and 14.0% (n=5968) of

allergens in the validation dataset. Through the allergen consolida-
tion process, a total of 13 177 (30.9%) allergens were mapped to
other allergens in the allergen reference table. First, a total of 5668
allergens which were indicated as “deleted” or “hidden” were sim-
ply mapped to their current allergen versions. Second, 3438 aller-
gens were mapped to other allergens by name. Furthermore, a total
of 4071 allergens were mapped to other allergens with which they
shared allergen groups and RxNorm ingredients. After consolida-
tion, the number of allergens was reduced from 42 639 to 29 462.
Among the consolidated allergen list, 7463 allergens were present in
the entire allergy dataset, with 6720 (90.0%) in the development
dataset and 4818 (64.5%) in the validation dataset. However,
counting only those allergens that had at least 1 recorded resulting
reaction, 6127 allergens were present in the entire allergy dataset,
with 5553 in the development dataset, 3419 in the validation data-
set, and 3265 in both datasets.

During the manual refinement of the reaction lexicon, the origi-
nal reaction value set of 787 reaction terms was consolidated to 490
reactions. The refined reaction value set was submitted to the Na-
tional Library of Medicine (NLM) Value Set Authority Center
(VSAC). Supplementary Material Table 2 shows the full refined re-
action value set with mappings to SNOMED CT concepts. The 50
most frequent reactions are listed in Table 2.

We used the development dataset, or the 2 171 548 allergy
entries, to create the dynamic reaction picklists for the allergens oc-
curring in the development dataset. Table 3 shows the 15 most com-
mon reactions for amoxicillin and ibuprofen ranked by 3 different
association measures. We validated the performance of 3 dynamic
reaction picklists and the static reaction picklist using the recall of
the top-k suggested reactions. Figure 2 shows the recalls at top k
(k <15) of the dynamic reaction picklists ranked by support, life’,
and #f-idf’ and the static picklist ranked by the reaction frequency in
the database. For example, the recall at top 15 for support is 0.822
indicating that, if we suggest the top 15 reactions ranked by support,
82.2% of reactions in the validation dataset were among the top 15
suggested reactions. The dynamic reaction picklist ranked by sup-
port achieved recalls of 0.632, 0.763, and 0.822 at top 5, 10, 15, re-
spectively, while #fidf’ achieved recalls of 0.593, 0.738, and 0.804,
and lift’ achieved recalls of 0.533, 0.674, and 0.749 at top 3, 10, 15,
respectively. The static reaction picklist ranked by frequency
achieved recalls of 0.504, 0.655, and 0.734 at top 5, 10, and 135, re-
spectively. Using the Friedman test, the 4 picklists showed signifi-
cant differences in their recalls at top k (k <15), with P value <.001.
With the posthoc test, the best dynamic picklist ranked by support
significantly outperformed the static picklist in terms of the recall at
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Table 2. Top 50 most prevalent adverse reactions in the reaction picklist

Ranking Reaction

Allergy entries (N =3 743 553) n (%) Ranking Reaction

Allergy entries (N =3 743 553) n (%)

1 Rash 557188 (14.9)
2 Hives 339952 (9.1)
3 GI upset 197 981 (5.3)
4 Nausea and/or vomiting 171 474 (4.6)
5 Itching 139414 (3.7)
6 Anaphylaxis 118274 (3.2)
7 Swelling 88620 (2.4)
8 Cough 59154 (1.6)
9 Mental status change 53961 (1.4)
10 Shortness of breath 46 713 (1.2)
11 Angioedema 46 651 (1.2)
12 Diarrhea 37997 (1.0)
13 Headaches 35765 (0.1)
14 Dizziness 31974 (0.9)
15 Myalgia 27 511 (0.7)
16 Palpitations 24 948 (0.7)
17 Bronchospasm 24 041 (0.6)
18 Sneezing 23911 (0.6)
19 Wheezing 18 364 (0.5)
20 Anxiety 17075 (0.5)
21 Erythema 16 128 (0.4)
22 Flushing 15105 (0.4)
23 Fever 14751 (0.4)
24 Fatigue 13135 (0.4)
25 Hallucinations 12 732 (0.3)

26  Hypotension 12 090 (0.3)
27 Rhinitis 11 199 (0.3)
28 Musculoskeletal pain 11108 (0.3)
29  Pain 9891 (0.3)
30 Dystonia 9758 (0.3)
31  Syncope 9163 (0.2)
32 Facial swelling 8612 (0.2)
33 Throat tightness 7878 (0.2)
34  Edema 7870 (0.2)
35  Throat swelling 7691 (0.2)
36  Tongue swelling 7573 (0.2)
37  Seizures 7467 (0.2)
38  Swelling of extremities 6996 (0.2)
39 Lip swelling 6893 (0.2)
40 Agitation 6555 (0.2)
41 Bleeding 6521 (0.2)
42 Dermatitis 6481 (0.2)
43 Nasal congestion 6378 (0.2)
44 Confusion 6221 (0.2)
45 Abdominal pain 6090 (0.2)
46 Chest pain 5887 (0.2)
47  Renal toxicity 5753 (0.2)
48 Burning sensation 5601 (0.1)
49  Blister 5587 (0.1)
50  Gastrointestinal hemorrhage 5584 (0.1)

Table 3. Top 15 most common reactions for Amoxicillin and Ibuprofen using 3 association measures

Rank Top 15 most common reactions for Amoxicillin Top 15 most common reactions for Ibuprofen
Support Lift’ Tfidf Support Lift’ Tfidf
1 Rash Rash Rash GI upset GI upset GI upset
2 Hives Hives Hives Hives Hives Hives
3 GI upset Diarrhea GI upset Rash Swelling Swelling
4 N/V GI Upset Diarrhea Swelling GI Hemorrhage Rash
5 Itching Itching N/vV N/V Bleeding N/V
6 Diarrhea N/vV Itching Anaphylaxis Facial swelling GI Hemorrhage
7 Swelling Maculopapular rash Swelling Itching Rash Angioedema
8 Anaphylaxis Vaginitis Anaphylaxis Angioedema Angioedema Anaphylaxis
9 SOB Swelling Vaginitis SOB Gastritis Bleeding
10 Angioedema Erythema multiforme Maculopapular rash GI Hemorrhage Ulcer Itching
11 Vaginitis Anaphylaxis Angioedema Bronchospasm Peptic ulcer Facial swelling
12 Fever Rash w/ joint pains® SOB Facial swelling Eye swelling SOB
13 Maculopapular rash SOB Fever Bleeding Renal toxicity Renal toxicity
14 Erythema Morbilliform rash Rash w/ joint pains® Wheezing N/V Bronchospasm
15 Facial swelling Angioedema Erythema multiforme Lip swelling Lip swelling Wheezing

Abbreviations: GI hemorrhage, gastrointestinal hemorrhage; N/V, nausea and/or vomiting; SOB, shortness of breath.

aRash w/joint pains (serum sickness).

top k (k<15), P value<.001. Supplementary Material Table 3
shows the top 15 relevant reactions associated with certain common
drug allergens including penicillins, sulfonamide antibiotics, amoxi-
cillin, and codeine, ranked by support.

DISCUSSION

In this study, we identified an allergy reaction value set consisting of
490 reaction concepts for EHR allergy documentation and dissemi-

nated this refined value set to the NLM VSAC. We created a dy-
namic reaction picklist that ranked reactions dynamically based on
specific allergen by leveraging association rule-mining algorithms
and more than 3 decades of allergy entries of a large Massachusetts
healthcare system. In validating the dynamic reaction picklist using
1 year of retrospective allergy entries, we found that among the 3
association-mining measures (ie, support, lift’, and tfidf’) for gener-
ating the dynamic reaction picklist, support had the best recall for
the top-ranked reactions outperforming the other 2 ranking algo-
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Figure 2. The recalls at top k of the dynamic reaction picklists ranked by sup-
port, tfidf, and lift’ and the static reaction picklist ranked by reaction fre-
quency.

rithms. The dynamic reaction picklist ranked by support signifi-
cantly outperformed the static reaction picklist ranked by frequency,
indicating that it was able to suggest more probable reactions for al-
lergy documentation. This study contributes to the standardization
of a reaction value set for EHR allergy documentation as the value
set was developed based on a standard terminology (ie, SNOMED
CT) and can be easily adopted or adapted across healthcare systems.
The study also contributes to a novel conceptual implementation of
dynamic reaction picklists that will support the development of a
prototype allergy entry module that has the potential to vastly im-
prove EHR allergy reaction documentation. The novel idea of a dy-
namic picklist is generalizable and can be applied to other domains
to facilitate efficient and accurate EHR documentation.

During the course of the reaction value set development, we
identified multiple challenges related to using proprietary knowl-
edge bases or standard terminologies for such tasks. Most current
commercial EHR systems allow users to configure the clinical con-
tent of different modules. Users often purchase proprietary knowl-
edge bases which they supplement with a certain level of
customization. However, for adverse reactions, no standard or com-
mercial products are available; therefore, the number and type of
reactions included in the reaction picklist often varies across EHR
implementations. In a prior study, we attempted to develop a reac-
tion value set using SNOMED CT, a large and comprehensive stan-
dard terminology, and free-text allergy reaction entries.'?'* While
SNOMED CT might be used to generate a value set for the reaction
picklist, certain challenges remain. First, there are some synonymous
concepts not listed as synonyms, such as “throat tightness” and
“tightness in throat.” Second, the concepts in SNOMED CT are
highly granular, and clinicians may not find it clinically meaningful
to differentiate between similar but distinct concepts (eg, “itchy
rash” and “red rash” versus “rash”). In addition, the free-text
entries in the allergy database contained concepts related to patient
diagnoses (eg, “pneumonia”) and unspecific language (“changes in
skin texture”, “toxic effect”), introducing noise to the reaction value
set. These issues limited our ability to directly use SNOMED CT to
develop the reaction value set and dynamic picklists. Therefore, ex-
tensive manual curation combined with data-mining was necessary
in order to develop a high-quality reaction value set.

The refinement of the reaction value set was conducted by a
team of diverse backgrounds using a systematic approach. The ad-
vising expert panel included an allergist, an emergency physician/
clinical informatician, a nephrologist/clinical informatician, a phar-
macist, and 2 additional clinical informaticians. When updating the

clinician-preferred terms, we used a data-driven approach so that
the majority of selected terms were based on the frequency with
which they were entered in the database, although some preferred
terms were based on the experts’ choices and agreed upon by at least
2 experts. When reducing granular terms, we not only consolidated
terms of similar meanings but also merged some child-level (ie, more
specific) concepts to their parent terms based on the experts’ opin-
ions. For example, while there are a total of 38 SNOMED CT con-
cepts related to pain, we maintained only those concepts describing
pain in a major body location with distinct and meaningful clinical

» « » <«

interpretations (eg, “back pain,
“joint pain,” “neck pain”), and merged pain in other locations (eg,
“pain in face,” “foot pain,” “pain in upper limb,” “aching pain”)
with the concept of “pain.” Applying this rule, the number of pain

chest pain,” “abdominal pain,”

»

concepts was reduced from 38 to 11. Although we believe these
changes resulted in an improved value set, further investigation is re-
quired to understand how these reaction changes impact EHR al-
lergy documentation.

The allergen consolidation process, although conducted to facili-
tate development of dynamic reaction picklists, revealed problems
with our EHR’s existing knowledge base, including duplicate entries
and similar entries. About one-third of allergens were able to be
mapped to other allergens. The benefit of allergen consolidation is
that by combining the frequencies of reactions that co-occurred with
multiple individual allergens that all refer to the same substance, the
dynamic picklist can be more accurately ranked for that substance.

It was not surprising that support was the best association rule-
mining measure for suggesting relevant reactions for allergy reaction
documentation. Support worked well because it suggested reactions
based on allergen-reaction co-occurrence in the development data-
set, and the distribution of allergen-reaction pairs in the validation
dataset may follow similar patterns. In addition, /if#’ and #f-idf’,
which tended to raise the associations between allergens and rare
reactions, yielded lower recall at top k, perhaps because our valida-
tion dataset has an uneven distribution of allergen-reaction pairs
with a high frequency of common reactions. However, regardless of
the measure used, all 3 dynamic reaction picklists outperformed the
static reaction picklist. Based on these results, we recommend the
healthcare systems that employ EHR systems that use static picklists
consider the adoption of dynamic reaction picklists to facilitate and
improve allergy documentation.

It is worth mentioning that in our current EHR allergy module,
3 reaction types (ie, allergy, intolerance, and contraindication) are
available for clinicians to choose from when entering a reaction.
This field was rarely used by clinicians, however, resulting in most
reactions being recorded as the “allergy” reaction type. Contraindi-
cations are conditions such as glucose-6-phosphate dehydrogenase
(G6PD) deficiency or renal failure in which case certain medications
should be avoided. While these contraindications should perhaps be
entered elsewhere in the EHR—such as the problem list—in this
work, we did not remove contraindications but used the original
data for our analysis. Our ongoing effort is to better classify these
reaction entries to facilitate further analyses. Once adverse reaction
types and contraindications are well-defined and differentiated, we
can build additional functions to inform clinicians dynamically of
where to document these items.

This study has several limitations worth noting. First, although
we used a diverse team of experts and a data-driven approach, some
changes (eg, choosing preferred terms, mapping, removal) were sub-
jective and may be biased by the experts’ training, background, and
experiences. Second, during the allergen consolidation, we used the
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mappings between FDB medications and RxNorm concepts as a
source to identify the allergens’ ingredients. However, due to differ-
ences in the coverage of these medication terminology systems,
many allergens could not be identified by their ingredients in
RxNorm and thus were left unconsolidated. Allergens with compli-
cated ingredients (eg, vitamins, food) may be less likely to be consol-
idated due to the challenge of listing all their ingredients. Third,
some newer allergens (eg, recently approved drugs) listed in the
EHR reference list did not have allergy entries in the allergy data-
base, and such allergens would temporarily need to have static reac-
tion lists. However, dynamic picklists for those allergens could be
developed in the future; as we noticed a growth in the number of
allergens with allergy entries in the database, for example, there
were 743 new allergens with allergy entries in the dataset’s final
year (October 9, 2018 through October 9, 2019). Finally, this study
was conducted in a single healthcare system, and the dynamic reac-
tion picklist was generated in the context of an Epic EHR system
and a terminology system for allergens and medications provided by
FDB. Although both Epic and FDB are among the top EHR vendors
in the US, the portability of the dynamic reaction picklist to other
institutions may be impacted due to differences in allergy-reaction
frequency distribution across different patient populations as well as
in EHR vendors. We therefore suggest that the dynamic picklist be
modified by considering these factors prior to adoption.

CONCLUSION

In summary, we identified an enhanced reaction value set of 490 reac-
tions and found that dynamic reaction picklists developed using data-
mining association rules and retrospective allergy reaction entries can
suggest relevant reactions for improved allergy module reaction entries.
Future work includes enhancing reaction type and severity definition
and evaluating whether these enhancements improve reaction docu-
mentation and/or reduce free-text entries using a prototype user inter-
face that implements the dynamic reaction picklist.
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