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Abstract 

Background  Child abuse and neglect (CAN) is prevalent, associated with long-term adversities, and often unde-
tected. Primary care settings offer a unique opportunity to identify CAN and facilitate referrals, when warranted. 
Electronic health records (EHR) contain extensive information to support healthcare decisions, yet time constraints 
preclude most providers from thorough EHR reviews that could indicate CAN. Strategies that summarize EHR data 
to identify CAN and convey this to providers has potential to mitigate CAN-related sequelae. This study used expert 
review/consensus and Natural Language Processing (NLP) to develop and test a lexicon to characterize children who 
have experienced or are at risk for CAN and compared machine learning methods to the lexicon + NLP approach 
to determine the algorithm’s performance for identifying CAN.

Methods  Study investigators identified 90 CAN terms and invited an interdisciplinary group of child abuse experts 
for review and validation. We then used NLP to develop pipelines to finalize the CAN lexicon. Data for pipeline devel-
opment and refinement were drawn from a randomly selected sample of EHR from patients seen at pediatric primary 
care clinics within a U.S. academic health center. To explore a machine learning approach for CAN identification, we 
used Support Vector Machine algorithms.

Results  The investigator-generated list of 90 CAN terms were reviewed and validated by 25 invited experts, result-
ing in a final pool of 133 terms. NLP utilized a randomly selected sample of 14,393 clinical notes from 153 patients 
to test the lexicon, and .03% of notes were identified as CAN positive. CAN identification varied by clinical note type, 
with few differences found by provider type (physicians versus nurses, social workers, etc.). An evaluation of the final 
NLP pipelines indicated 93.8% positive CAN rate for the training set and 71.4% for the test set, with decreased preci-
sion attributed primarily to false positives. For the machine learning approach, SVM pipeline performance was 92% 
for CAN + and 100% for non-CAN, indicating higher sensitivity than specificity.

Conclusions  The NLP algorithm’s development and refinement suggest that innovative tools can identify youth 
at risk for CAN. The next key step is to refine the NLP algorithm to eventually funnel this information to care providers 
to guide clinical decision making.
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Background
Extensive research over the past several years indicates 
high rates of abuse, neglect, and other potentially trau-
matic events for children and adolescents [1–3], with a 
substantial conferred risk for adverse physical and behav-
ioral health problems [3–5] that often persist in adult-
hood [6]. According to the most recently available Child 
Protective Services’ data, 618,000 children were victims 
of abuse or neglect in 2020, reflecting a rate of 8.4 unique 
victims per 1,000 youth under the age of 18 [7]. Such high 
prevalence rates and associated health consequences 
highlight child abuse and neglect (CAN) as a critical and 
costly public health concern [8]. However, many children 
who are at risk for or have experienced maltreatment 
are not identified nor are they receiving appropriate evi-
dence-based mental health treatment services [3].

Available data indicate that 94–96% of parents seek ser-
vices for their children through primary care settings as 
compared to directly accessing mental health treatment 
providers (i.e., 4–33%) [9]. Annually, as noted by the 
Centers for Disease Control’s National Health Interview 
survey, most children are seen in pediatric primary care 
settings, with 93% of children having a well-child check 
in 2020 [10]. For many children, a primary care provider 
may be the only contact with a professional who has the 
knowledge, expertise, and resources to provide needed 
assistance. As such, primary care settings offer a unique 
opportunity to screen for CAN history, risk factors, and 
related symptomology to increase the likelihood of early 
identification, further evaluation, and connection to 
services, when warranted [11–14]. Although previous 
research supports primary care as a viable setting to con-
duct screening to identify CAN and CAN risk [11, 15–
18], there are inherent challenges in implementing such 
screenings. Objective, clear evidence of abuse is usually 
absent, and studies consistently indicate that primary 
care providers are reluctant to screen for CAN as part 
of standard practice, [19] with the most frequently cited 
reasons including time limitations and scope of practice 
constraints [20–23].

Given the long-term consequences associated with 
CAN, the 2018 U.S. Preventive Services Task Force on 
child maltreatment interventions has highlighted a need 
to prioritize the development and evaluation of effec-
tive methods to identify children at risk for maltreat-
ment [24]. With mounting evidence supporting the use 
of historical patient medical data as a tool to support 
clinical decision making [25, 26], this could be a valu-
able resource for early identification and detection of 
CAN in medical care settings [19, 27]. For example, stud-
ies indicate that certain diagnoses and associated clinical 
symptoms serve as predictors for ongoing or future child 
maltreatment and that these data could be used to trigger 

further assessment [27–29]. However, while the use of 
the electronic health records (EHR) is increasing sub-
stantially across clinical care settings, time constraints 
preclude most primary care providers from being able to 
review and distill information in EHR that could indicate 
abuse [16]. Thus, the goal of this research is to develop 
a strategy to summarize data from the EHR that would 
identify youth who may be at risk or have experienced 
CAN. This information could then be conveyed back to 
primary care providers to guide clinical decision mak-
ing and potentially mitigate the impact of CAN on child’s 
mental and physical health.

To achieve this, our plan is to create Automatic Clini-
cal Summaries (ACS) of CAN-related events from data 
contained within the EHR. ACS technologies extract a 
structured event, perform natural language processing 
(NLP), and link different data types [30–35]. By com-
piling and summarizing data, such as chief complaints, 
progress notes, radiology reports, consultant notes, out-
patient visit notes, and discharge summaries contained 
within EHRs, ACS have facilitated early detection of sev-
eral clinical concerns, including physical health problems 
[36], interpersonal violence [37, 38], postoperative com-
plications [39], and adverse drug reactions [40]. By devel-
oping a tool that automatically summarizes evidence for 
CAN and its impact, we hope to help primary care pro-
viders and other clinicians incorporate care for CAN into 
routine outpatient practice, despite the complexities and 
difficulties of work in this area. This paper describes the 
first step in this larger project, with specific aims to 1) 
develop a CAN lexicon to characterize the population of 
interest (i.e., children who have experienced and/or are 
at risk for CAN); 2) develop a database to support CAN 
term identification in existing EHR, 3) develop and evalu-
ate the newly developed lexicon using NLP tools, and 4) 
compare more novel machine learning (ML) methods to 
the lexicon + NLP approach in a pilot study.

Methods
Develop the CAN lexicon
Characterize transdisciplinary terms likely to be in notes 
related to CAN
Authors RH, FA and EW generated a preliminary list of 
commonly used terms to identify CAN, CAN risk factors 
and related problems. These authors are expert researchers 
and clinicians (child clinical psychologists and a pediatri-
cian) in CAN identification and treatment, with between 5 
to 30 + years of experience in the field. Of note, the authors 
began with the U.S. federal guidelines that define abuse 
and neglect at a minimum as “Any recent act or failure to 
act on the part of a parent or caretaker, which results in 
death, serious physical or emotional harm, sexual abuse or 
exploitation”; or “An act or failure to act which presents an 
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imminent risk of serious harm. “In practice, most US states 
recognize child abuse and neglect to include physical abuse, 
sexual abuse, and emotional abuse or neglect [41].” Terms 
were included based upon shared agreement among these 
domain experts and were generated for acts of child physi-
cal abuse (e.g., hit, kick, punch, shove, use of weapon, 
etc.), sexual abuse (e.g., rape, molestation, pornogra-
phy), neglect (e.g., malnutrition; poor living conditions; 
impaired caregivers due to substance use, mental illness); 
and emotional abuse (e.g., fear, coercion, etc.). This work 
was combined with a preliminary keyword search of a text 
corpus of clinical notes to confirm the presence of con-
cepts and generate new ideas. This initial round generated 
90 total terms relevant to CAN for further study.

Validate and prioritize CAN terms
The second phase involved validation and prioritization of 
the terms generated in the initial list. Specifically, we identi-
fied an interdisciplinary group of practitioners (i.e., pediatri-
cians, nurse practitioners, pediatric radiologists, and child 
abuse mental health professionals) from academic medical 
centers, research universities, and clinical agencies across 
the United States (e.g., South Carolina, North Carolina, 
Washington, Pennsylvania, New Jersey, Maryland, Georgia, 
Oklahoma), who routinely deal with CAN, to review and 
rate the initial list of terms generated by the study team. An 
email invitation was sent to n = 49 professionals to partici-
pate in a brief survey developed for this study (see Supple-
mental file) as part of a pilot study to generate a list of terms 
that may be in EHR to suggest a child may have experienced 
or be at risk for CAN. The email invitation indicated that the 
goal of the pilot was to identify terms likely to signal CAN, 
and to this end, professionals were selected because of their 
expertise in child abuse. The email included a link to a Red-
CAP survey. In the survey, respondents rated each term’s 
relevance to CAN, using a 3-point scale: (1 = not impor-
tant; 2 = somewhat important; 3 = critical for inclusion). 
Respondents were also provided a free text box to include 
any additional terms that should be added to a revised list, 
based on their own interdisciplinary experience and exper-
tise. The survey instructions informed participants that no 
identifying information was being collected, as the intent 
was for surveys to be anonymous. Finally, the instructions 
indicated that a second survey would be sent to the same 
pool of experts, in approximately two months, to review the 
free text items endorsed by at least 10% of participants.

After review of the results of the first survey (described 
below) a second online RedCAP survey that included 
the (n = 59) free text items, generated by at least 10% of 
Round 1 participants, was sent to the same initial group. 
Respondents rated these new items using the same Likert 
scale as above. Items scoring scored at a “2” or higher by 

at least 80% of participants in either round were included 
in the final lexicon.

Develop database to support CAN term identification
Source of data
Clinical notes and other text data were drawn from three 
pediatric primary clinics at an academic health center 
in the southern United States. Two of the clinics were 
general pediatric primary care clinics, while the third 
provides consultative specialty behavioral health care 
and medication management for children in foster care 
across the state. The study cohort included male and 
female pediatric patients, ages 0–19, who visited one 
of these three pediatric Primary Care Clinics between 
January 2012-December 2018. Collectively, these clinics 
served about 6,500 active patients (as measured by the 
number of patients seen at least once over the past two 
years) and had a total of 13,000 outpatient visits per year. 
Most patients were Black/African American (78%) and 
had insurance coverage through Medicaid (84%).

Patient medical records were obtained from the uni-
versity’s Enterprise Data Warehouse (EDW), which 
serves as the data repository for clinical practices of 
the academic health center. Structured data, including 
demographics, diagnoses, procedures, and visit tables, 
were also obtained from the EDW. Records were par-
tially anonymized to enhance patient privacy (a unique 
research specific identifier was assigned), and the search 
was confined to the minimum data elements needed to 
accomplish project tasks. This study was approved by the 
university’s Institutional Review Board.

NLP development and evaluation
Develop and evaluate NLP and machine learning algorithms 
to identify CAN from EHR
The goal in this phase was to develop NLP algorithms 
that could identify notes with CAN-related terms and to 
highlight concepts within the context of the note for cli-
nician review. CLAMP (Clinical Language Annotation, 
Modeling, and Processing Toolkit) [42], a comprehensive 
NLP software designed to analyze EHR data, was used to 
develop pipelines for CAN-related term identification. 
CLAMP components have been top-ranked in multi-
ple competitions (e.g., i2b2 NLP challenges) and widely 
applied to diverse clinical and translational research with 
over 600 institutional users [43, 44]. Working from the 
terms endorsed by our experts, we developed an initial 
customized dictionary for CAN-named entity recogni-
tion (NER), customized negations, and Apache UIMA 
(Unstructured Information Management Architecture) 
Ruta (Rule-based Text Annotation) for semantic classifi-
cation of CAN mention(s) in clinical notes.
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Selected clinical note types included, but were not 
limited to, chief complaints, progress notes, radiology 
reports, consultant notes (i.e., these could include notes 
from child abuse pediatricians, clinicians on a child pro-
tection team, or from any other requested medical con-
sultant), outpatient visit notes, and discharge summaries. 
The cohort consisted of 20,246 patients seen over the 
six-year period, with 1,813,186 clinical notes. Duplicated 
or orphan records were cleaned from the dataset. Clini-
cal notes from a randomly selected subset of patients 
(n = 15,184; 75% of cohort) were reserved as a training set 
to develop the NLP algorithms; and clinical notes of the 
remaining 5,062 patients (25% of cohort) were reserved 
as the test set for the NLP performance evaluation.

Leveraging CLAMP’s built-in default functions mod-
ules (i.e., sentence detector, tokenizer, Parts of Speech 
(POS) tagger, Named Entity Retriever (NER), and asser-
tion identifier), a customized pipeline extracted informa-
tion relevant to CAN events. We classified CAN-related 
terms into five subtypes for clinical understanding: 
ABUSE (e.g., “child abuse,” “violence,” “neglect,” “adverse 
childhood event,” “childhood trauma,” “alleged”); SEX-
UAL ABUSE (e.g., “rape,” “SA,” “ inappropriate sex-
ual behavior,” “injury to genital region”); PHYSICAL 
INDICATION (e.g., “bruise,” “genital/vaginal bleed-
ing”);  EMOTIONAL INDICATION (e.g., “threaten,” 
“humiliate,” “”PTSD”); and SERVICE (e.g., “the name of 
a local child advocacy center,” “child protective services,” 
“police”).

Due to a large number of available clinical notes (over 
1.8 million), we implemented a strategy sub-setting train-
ing set, incrementing the number of clinical notes for 
training if ideal performance was not achieved. Min-
ing a small random sample of data (14,397 clinical notes 
from 153 patients), initial Apache UIMA Ruta rules were 
developed to identify candidate CAN subtypes at sen-
tence level when any of the five subtypes of concepts 
were identified. CLAMP’s default negation rules (e.g., 
“deny,” “no”) were applied to exclude negative mentions 
of CAN terms. Any clinic note with at least one sen-
tence containing an NLP-identified CAN-subtype was 
classified as a positive CAN note for purposes of record 
summarization.

Evaluate performance of algorithms
The development of NLP pipelines was an iterative pro-
cess. Two domain experts (authors RFH and FA) manu-
ally reviewed the NLP results and labeled false positives 
for the training dataset. Based on their feedback, a set 
of customized negations were added to the dictionary to 
refine the NLP pipelines by further excluding false posi-
tives. The CAN dictionary and NLP pipelines were final-
ized when an ideal performance (precision 90% or above) 

in the training set was achieved. NLP results from the 
test set were manually reviewed by the same two domain 
experts to determine precision. When there was a differ-
ence between the two domain experts, it was resolved 
by review and discussion until common consensus was 
achieved. A third domain expert was available to assist 
further review if the discrepancy could not be resolved 
between the two domain experts. Precision, the pro-
portion of true positives to the total number of NLP-
identified cases, was measured for both sentence and 
document levels.

Finally, we explored a machine learning approach for 
CAN “topic of sentence” identification, utilizing Sup-
port Vector Machine (SVM) algorithms, based on Java 
libsvm library, with unigrams, bigrams, and tri-grams as 
features. This was based on the premise that a machine 
learning approach could help streamline the process of 
identify patients experiencing or at risk for CAN with-
out relying solely on experts’ manual review of the clas-
sification results from the NLP models. Rather than 
recognizing named entities, the ML approach focused on 
determining, yes or no, whether a sentence discussed a 
CAN-related issue. To develop exploratory SVM machine 
learning NLP approaches, the experts’ manual reviews 
from the test set (positive and negative CAN sentences) 
were used as the labeled data for development and evalu-
ation. Two standard measures of sensitivity and specific-
ity at sentence level were reported.

Results
Develop CAN lexicon
Generate and validate an interdisciplinary list of CAN‑related 
terms for search in health records
As described above, three of the authors generated a pre-
liminary list of 90 commonly used terms to identify CAN, 
CAN risk factors, and related problems. To validate and 

Table 1  Number of CAN expert survey participants

No demographic was information collected at Survey 1, but n = 25 respondents 
completed the RedCAP survey. Of the 49 participants originally invited, the two 
categories that did not participate in Survey 2 were pediatric sexual abuse nurse 
examiners and psychiatrists

Professional Discipline Survey 1
Invite (n)

Nurse Practitioner 7

Pediatric Sexual Abuse Nurse Examiner 3

Social Worker/LPC 9

Pediatrician 10

Psychologist 12

Psychiatrist 2

Pediatric Radiologist 6

Total 49
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prioritize this initial pool of CAN concepts, 25 of 49 
invited experts completed the CAN RedCAP survey (see 
Table 1).

The average score across the initial pool of 90 items was 
2.58, indicating that all were seen as somewhat impor-
tant or critical for inclusion and were thus retained for 
the development of the preliminary dataset. The partici-
pants suggested an additional 58 terms (i.e., 58 new terms 
were endorsed by at least 10% of Round 1 respondents) 
that were included in the second survey. In the second 
survey, 12 (48%) of the original 25 respondents, 75% of 
whom had more than 5 years of experience in the CAN 
field, rated the new items, utilizing the same 3-point Lik-
ert Scale. Of the 58 free response items, 15 were rated < 2 
and were discarded. The final pool included n = 133 terms 
that were integrated into the NLP application and used to 
search EHR documents.

Database development
Over the six-year period included in the record review, 
20,246 patients were seen across the three primary care 
clinics, generating 1,813,186 clinical notes. The aver-
age age of patients was 10 (SD = 4.88) years; with slightly 
more girls than boys, and higher percentages of Black 
and non-Hispanic patients (see Table  2). The average 
number of notes per patient was 90 (minimum 1, maxi-
mum 3,049). These data formed the database for subse-
quent NLP development and evaluation.

NLP development and evaluation
A sample of 153 patients from the 15,184 patients 
in the training set were randomly selected for NLP 

development and evaluation tasks. Among the 14,397 
clinical notes from these patients in the training dataset, 
the NLP pipeline identified only 422 (.03%) notes (with 
1,486 sentences) as having CAN information, and the fre-
quency with which CAN information was identified var-
ied considerably by type of clinical note. The number of 
terms and percentages of CAN for each type of clinical 
note is listed in Table 3, and as indicated, positive CAN 
rates varied across note types. The CAN positive rate was 
low in common note types, such as Progress Notes, Dis-
charge Summaries, and the After Visit Summary (AVS) 
SNAPSHOT. The most common types of CAN documen-
tation were found in the Treatment Plan (60%) and SW/
CM (Social Worker/Case Manager; 51%) notes; however, 
the overall number of these two types of notes was very 
small. Across these two note types, only 27 notes had an 
NLP identified CAN event). In comparison, other note 
types contributed a larger portion (n = 422–429) of NLP-
identified CAN.

The domain expert review confirmed 1,349 sentences 
with CAN mentions as true CAN cases with mutual 
agreement. Specifically, there were 134 terms relevant to 
CAN. The most common terms were child protective ser-
vices, “foster care,” Foster Care Support Clinic (“FCSC”), 
“abuse,” “physical abuse,” “Case Manager,” “Child Abuse 
Pediatrics,” a child advocacy center, “neglect,” and “foster 
parents” (Fig. 1. Top CAN Entities).

Figure  2 (Distribution of CAN Hits by Subtype in the 
Training Set) demonstrates the distribution of the 5 
subtypes of CAN (i.e., PHYSICAL INDICATOR, EMO-
TIONAL ABUSE, SEXUAL ABUSE, ABUSE, AND 
SERVICE) identified in these 1,349 confirmed CAN sen-
tences. SERVICE was the most frequently identified sub-
type (67%), followed by ABUSE (22%), SEXUAL ABUSE 
(6%), and PHYSICAL INDICATOR (5%), with no refer-
ences to EMOTIONAL ABUSE in the training data set.

The subset of clinical notes (n = 875 sentences; Progress 
Notes, ED notes, ED AVS SNAPSHOT, ED PROVIDER 
NOTES, Discharge Summaries) from physician providers 
followed a highly similar pattern (Fig. 3) [(i.e., SERVICE 
was the most highly identified subtype (63%) followed by 
ABUSE (25%)]; indicating very few differences between 
physicians’ notes as compared to those from other pro-
viders. In other words, the distribution of subtypes of 
CAN positives for the physician providers was similar to 
the full training data set (Fig. 3. Subtype of CAN Positives 
in the Training Set: Subset of Physician Notes). Figure  4 
shows an example of the CLAMP virtualization of NLP 
identified CAN information within clinical notes. It high-
lights both NLP identified CAN entities and subtypes.

A random sample of 51 patients from the test set, 
with a total of 4,854 clinical notes, were used to evalu-
ate the performance of final NLP pipelines. The precision 

Table 2  Cohort demographics (n = 20,246) 

Number of 
Patients

Percentage

Gender
  Male 10,383 51.28%

  Female 9,863 48.72%

Ethnicity
  Not Hispanic or Latino 14,080 69.54%

  Hispanic or Latino 5,793 28.61%

  Unknown 373 12.81%

Race
  African American 10,788 53.28%

  Other 6177 30.51%

  Caucasian 2911 14.38%

  Asian 212 1.05%

  American Indiana or Alaska Native 28 0.14%

  Native Hawaiian 11 0.05%

  Unknown 119 0.59%
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was 93.8% for the training set and 71.4% for the test set 
(Table 4). The decreased precision in the test set can be 
mainly attributed to false positives introduced by five 
terms: “case worker,” “case manager,” “incarcerated,” “law 

enforcement,” and “police”. Although these terms were 
valid CAN terms during the NLP pipeline development, 
manual review suggested these terms were not specific 

Table 3  Distribution of CAN positive terms by note type in training set

14,397 notes from 153 patients randomly sampled from the training set

MR AVS Medical Record After Visit Summary, IP AVS Inpatient After Visit Summary, H & P History and Physical examination, Consult NW Note Writer

Note Type Total Number of Notes Number of Notes with CAN Positive 
Term

CAN 
Positive 
Percentage

Plan of Care 333 2 0.60

Not Specified 1813 12 0.66

Nursing 134 1 0.75

Emergency Department Notes 518 4 0.77

Patient Instructions 1149 11 0.96

ED AVS Snapshot 472 8 1.69

Telephone Encounter 2051 48 2.34

MR AVS Snapshot 1571 42 2.67

Letter 127 4 3.15

Medical Student 60 2 3.33

Discharge Instructions – Other Orders 58 2 3.45

Sticky Note 27 1 3.70

Emergency Department Provider Notes 281 11 3.91

Progress Notes 3859 175 4.53

IP AVS Snapshot 66 3 4.55

Discharge Summaries 78 8 10.26

H&P 67 7 10.45

Lactation Note 19 2 10.53

Consults 45 8 17.78

Consult NW 11 2 18.18

Social Worker/Case Management 51 26 50.98

Treatment Plan 5 3 60.00

Fig. 1  Top CAN entities
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enough to identify a CAN incidence, if there was no clear 
supportive information nearby within the note.

Other major reasons for false positives included 1) the 
subject of CAN was not a patient (e.g., “Per the grandpar-
ents later, mother had one date rape at about age 15, then 
one sexual assault about 2 years ago.”); 2) the patient was 
a perpetrator of an abusive incident instead of a CAN vic-
tim (e.g., “History of violence: yes—stood over aunt with 
knife attempting to stab her”); 3) failure to parse complex 
and agrammatical medical language (e.g., “sexual abuse 
health since last visit: No illnesses, ER visits, or hospitali-
zations”); 4) could not clearly distinguish a clinical event 
from a CAN event (e.g., “First Aid: Burns Call 911 imme-
diately if the victim has any of the following: Symptoms 
of shock Trouble breathing Second—or third—degree 
burns over a large area, such as an entire leg or back” or 
“STD (sexually transmitted disease”); and 5) templated 

information (e.g., “Provider: N / A Primary Care Physi-
cian ( PCP): MUSC Foster Care Support Clinic, Abbre-
viations: AV = alleged victim, AO = alleged offender”).

Machine learning approach identifying sentences with a CAN 
subject
The dataset for machine learning consisted of 311 NLP 
identified candidate sentences from the test set for the 
rule-based approach. Among 311 sentences, 222 (71.4% 
and representing 17 unique patients) were labeled as 
CAN subject cases, and 89 (28.6% and representing 15 
unique patients) were labeled as non-CAN, by domain-
expert manual reviews. The training set included 281 
sentences, and the test set had 30 sentences. Both the 
training and test datasets had the same distribution 
of CAN (71.4%) and non-CAN cases (28.6%). In the 
test dataset, SVM algorithm classified 24 CAN and 6 

Fig. 2  Distribution of CAN hits by subtype in the training set

Fig. 3  Subtype of CAN positives in the training set: subset of physician notes
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non-CAN cases. Compared with the gold standard (22 
CAN cases and 8 non-CAN), SVM correctly identified 
22 CAN cases and had 2 false positives, and SVM-identi-
fied 6 non-CAN that were all true negatives. The perfor-
mance of the SVM pipeline was 92% for CAN and 100% 
for non-CAN. Despite a small test dataset, the SVM algo-
rithm performance was observed to be optimal for both 
positive and negative cases of CAN.

Discussion
This study describes our initial work to create a CAN lex-
icon that can be used in developing a summarization tool 
to help clinicians rapidly identify cases with potential 
CAN related events. It is one of the first to utilize expert 
review and consensus, along with NLP identification, to 

develop a lexicon to identify CAN related concepts. In 
general, CAN is an under-reported, under-coded, and 
under-documented healthcare issue [45]. This work con-
tributes to efforts to improve early identification methods 
for children experiencing or at risk for CAN, with the 
hopes that this will enable providers to intervene quickly 
and potentially mitigate future CAN and associated neg-
ative sequalae [46].

One of our initial findings included an interdiscipli-
nary lexicon of terms related to CAN that was tested at a 
single health care institution. Somewhat surprisingly the 
CAN lexicon was most frequently documented in the ser-
vice the child received (i.e., child protective services, child 
advocacy centers), whereas the specific subtypes of abuse 
(i.e., sexual, physical, emotional) were rarely documented 
in the EHR. Further, there were highly similar patterns 
across physician and other interdisciplinary providers, 
findings which differ from a recently completed qualita-
tive study to inform development of a machine learning-
based risk model to identify potential CAN in pediatric 
emergency departments [27]. Specifically, Landau et  al. 
[27] conducted 20 interviews with a diverse sample of 
clinicians, working in a single pediatric, tertiary care ED, 
to learn about their documentation practices for CAN. 
In the current analytic sample, documentation varied 
across health disciplines (i.e., physicians, nurses, social 

Fig. 4  An example of NLP CAN case virtualization CLAMP

Table 4  NLP performance in training and test dataset

Resource Sample NLP 
identified 
CAN

Manual review 
identified CAN

Precision

Training Document 14,397 422 396 93.8%

Training Sentence 1,486 1,349 93.8%

Test Document 4,854 105 78 74.2%

Test Sentence 311 222 71.4%
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workers) in the terms used to describe CAN, the types 
of notes where CAN was documented, and the styles of 
documentation. For example, nurses favored brief clini-
cal notes for documenting CAN concerns, whereas phy-
sicians provided more detailed reports and used both 
clinical notes and structured fields within the EHR. These 
disparate findings could reflect differences in the work 
context – the ED versus primary care settings – and/or 
region – northeast versus southeast United States. Nota-
bly, both studies focused on a single practice, highlight-
ing the importance of additional work to examine CAN 
documentation and identification across practice and 
regional settings.

In addition to the lexicon, we created a large dataset for 
further research on application of NLP methods for iden-
tification of CAN, with a subset (i.e., 1% of data labeled by 
the manual review) labelled with CAN findings by expert 
review. Future work will expand this dataset. A limitation 
at present is that the dataset may contain names or other 
text data that identifies the patient or family. Future work 
will anonymize the dataset and make it available publicly. 
The manually reviewed dataset also has a higher rate of 
positive examples of CAN than a true ecologically valid 
dataset would, which we will try to address in expanding 
the dataset for future work.

The results show that it is possible to search for and 
find concepts within diverse records related to CAN 
using “traditional” NLP methods. While performance 
of the screening was relatively high in the training data 
sets, it fell short in the test sets. While the 75% preci-
sion may be further improved, it may be acceptable when 
the intent is to target notes for clinical review to deter-
mine the significance of a phrase or sentence as part of a 
focused clinical summarization tool. User testing is nec-
essary to determine the acceptable rate of false positives 
for CAN concepts in a focused ACS tool. We posit that 
100% precision is probably not necessary, given the plans 
to present these results in the context of a clinical note, 
which would have been confirmed by the ACS, as shown 
in Fig. 4 (An Example of NLP CAN Case Virtualization 
CLAMP).

The specific types of notes with CAN-related terms 
(i.e., NLP identified positives) revealed the unevenness of 
documentation of CAN issues in medical records. CAN 
related terms were rarely seen in primary care notes, 
even in a population where CAN should be common. In 
particular, less than 1% of ED notes and only about 4% of 
primary care notes had mentions of the terms included in 
our lexicon. This suggests that either the lexicon is miss-
ing critical concepts (however, there was no evidence of 
this on manual review) or that clinicians in these settings 
may need prompts to encourage documentation of risks 

and/or effects of CAN in routine care. The “SERVICE” 
subtype was the most commonly identified across pro-
viders (physicians as well as other interdisciplinary pro-
viders). Service is a dominate subtype reflecting that a 
patient who seeks care in these services was usually a vic-
tim of CAN. Interestingly, the “PHYSICAL” subtype con-
sisted of very relevant terms, such as bleed and fracture. 
However, these terms also indicated clinical findings that 
may not be caused by CAN and may instead reflect false 
positives.

Determining whether the overall content of the sen-
tence was relevant to CAN was a somewhat more 
accurate approach in preliminary testing that could be 
combined with the lexicon + NLP approach. The SVM 
algorithm correctly identified 92% of sentences about 
CAN incidents and 100% of non-CAN incidents. Future 
work will examine prediction of CAN risk across a 
patient’s complete record. Estimates of the probability of 
a CAN related diagnosis may be a useful decision sup-
port technique to help clinicians explore risks and evi-
dence for CAN in patient/family member interviews and 
examinations. This may also improve documentation of 
risk factors and/or effects in subsequent notes.

Limitations and future directions
While promising, the current work is not without limi-
tations. First, we elected to collect minimal demographic 
information from respondents completing the surveys 
to validate and prioritize CAN terms. While our intent 
was to maximize likelihood of participation, we recog-
nize that this precluded our ability to ensure variability 
across clinical roles and geographic distribution. Second, 
although we collected data from three clinical sites, we 
utilized a single hospital-system with a predominately 
African American and lower SES population (i.e., 84% 
had Medicaid and 53% identified themselves as Black/
African American). Future research should incorpo-
rate data from additional hospital systems and include 
hospitals with greater patient racial and financial diver-
sity to ensure generalizability of CAN lexicons and NLP 
analyses. The larger corpus with more varied patient 
demographics will allow additional equity and fairness 
evaluations to help distinguish between algorithmic bias 
in detecting CAN versus clinical bias in documenting 
CAN. Named entities related to the delivery of social ser-
vices for CAN may be a particular problem for NLP anal-
yses. In general, anonymization methods censor named 
entities, but when these entities are “shorthand” for the 
providers of social services (as opposed to the names of 
relatives), filtering out these names would result in loss of 
critical information.
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It is also important to acknowledge that this tool was 
not designed to identify occult cases of CAN, since we 
focused our dictionary terms on concepts that domain 
experts would consider indicative of CAN or risk of CAN. 
We are currently collaborating with a team that ana-
lyzed instances of reported CAN at the note level, which 
potentially allows for the discovery of occult occurrences. 
There are benefits to both approaches (that is, the sen-
tence-level approach focused on risk, like we took, and 
the document-level approach focused on reports, that 
our colleagues took). Our collaboration is, in part, to 
study the trade-offs between the approaches and how 
the different approaches interact with or are sensitive to 
clinician and algorithmic bias. This design decision was 
partially why we focused on Precision, rather than Recall, 
as a target measure.

Finally, alert fatigue is an important factor to consider 
in development of a clinician decision support (CDS) 
tool, given the time constraints and competing priorities 
for providers in clinical settings. We want to highlight 
that the focus of this manuscript was on development of 
the NLP tool and that we have not yet created the CDS 
tool. We are currently conducting qualitative interviews 
with primary care providers to learn more about the best 
ways to reduce alert fatigue that will inform our plans to 
develop a CDS.

Conclusions
In summary, the NLP algorithms’ development and 
refinement addressed a lack of innovative tools to har-
ness underutilized medical data for crucial clinical deci-
sion-making and practical applications to address CAN, 
a significant public health concern. The current work 
demonstrated utility for future efforts to identify CAN 
through innovative machine learning techniques. Our 
next steps are to refine the NLP algorithm through addi-
tional testing with a larger, more diverse sample. This will 
inform development of a clinical decision support tool 
that could be integrated into routine care to provide guid-
ance for providers serving this vulnerable population.

Supplementary Information
The online version contains supplementary material available at https://​doi.​
org/​10.​1186/​s12911-​023-​02361-7.

Additional file 1. CAN ACS-Survey.

Acknowledgements
We wish to thank Katie Kirchoff for providing us the source data from the 
electronic health records.

Authors’ contributions
RH and EW wrote the grant that funded the study, with RH serving as the lead 
investigator. Data collection was performed by RH, FA, EW and VZ. VZ led the 
NLP and machine learning components of the project, including data analyses 

and interpretation, and preparation of Tables 2, 3 and 4; Figs. 1, 2, 3 and 4, with 
assistance by PH, and consultation, mentorship and review by LL. RH drafted 
the original manuscript, prepared Table 1, and led the initial lexicon develop-
ment. PH reviewed analyses for the revised manuscript and made edits to the 
data analyses and interpretation. Authors RH, FA, MK, HE and LL all contributed 
to edits of the manuscript. All authors reviewed and approved the final revised 
version.

Funding
This project was supported by the South Carolina Clinical & Translational 
Research Institute with an academic home at the Medical University of South 
Carolina CTSA NIH/NCATS grant number UL1TR001450. The contents are 
solely the responsibility of the authors and do not necessarily represent the 
official views of the NIH or NCATS.

Availability of data and materials
The datasets used and/or analyzed for the current study are available from the 
corresponding author upon reasonable request.

Declarations

Ethics approval and consent to participate
This study was reviewed and approved by the Institutional Review Board 
at the Medical University of South Carolina as exempt, as it was deemed as 
involving research activities that presented no risk or less than minimal risk as 
defined by the federal regulations, 46.104.” Since this study involved review of 
existing records, no patient participant was involved. Thus, it was not possible 
to obtain patient informed consent, and the IRB at the Medical University of 
South Carolina granted the request for a waiver, with the following statement: 
“The Institutional Review Board for Human Research (IRB) at the Medical University 
of South Carolina also recommends approval of the investigator’s request for a 
HIPAA Waiver of Authorization, as it appears that the criteria of the Privacy Rule 
have been satisfied. The HIPAA Waiver of Authorization was reviewed under exempt 
review procedures.”
All methods were carried out in accordance with relevant guidelines and 
regulations.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Received: 17 October 2022   Accepted: 2 November 2023

References
	1.	 Saunders BE, Adams ZW. Epidemiology of traumatic experiences in 

childhood. Child Adolesc Psychiatr Clin. 2014;23(2):167–84.
	2.	 Finkelhor D, Turner HA, Shattuck A, Hamby SL. Prevalence of childhood 

exposure to violence, crime, and abuse: results from the national survey 
of children’s exposure to violence. JAMA Pediatr. 2015;169(8):746–54.

	3.	 APA Presidential Task Force on Posttraumatic Stress Disorder and Trauma 
in children and adolescents. Children and trauma: update for mental 
health professionals. Washington DC: American Psychological Associa-
tion; 2008. Retrieved January 7, 2019 from http://​www.​apa.​org/​pi/​famil​
ies/​resou​rces/​child​ren-​trauma-​update.​aspx.

	4.	 De Bellis MD, Zisk A. The biological effects of childhood trauma. Child 
Adolesc Psychiatr Clin. 2014;23(2):185–222.

	5.	 McLaughlin KA, Sheridan MA, Lambert HK. Childhood adversity and 
neural development: deprivation and threat as distinct dimensions of 
early experience. Neurosci Biobehav Rev. 2014;47:578–91.

	6.	 Copeland WE, Shanahan L, Hinesley J, Chan RF, Aberg KA, Fairbank JA, 
et al. Association of childhood trauma exposure with adult psychiatric 
disorders and functional outcomes. JAMA Netw Open. 2018;1(7):e184493.

	7.	 U.S. Department of Health & Human Services, Administration for Children 
and Families, Administration on Children, Youth and Families, Children’s 

https://doi.org/10.1186/s12911-023-02361-7
https://doi.org/10.1186/s12911-023-02361-7
http://www.apa.org/pi/families/resources/children-trauma-update.aspx
http://www.apa.org/pi/families/resources/children-trauma-update.aspx


Page 11 of 11Hanson et al. BMC Medical Informatics and Decision Making          (2023) 23:266 	

Bureau. Child maltreatment 2020. 2022. Available from https://​www.​acf.​
hhs.​gov/​cb/​data-​resea​rch/​child-​maltr​eatme​nt.

	8.	 Fang X, Brown DS, Florence CS, Mercy JA. The economic burden of child 
maltreatment in the United States and implications for prevention. Child 
Abuse Negl. 2012;36(2):156–65.

	9.	 Guevara J, Lozano P, Wickizer T, Mell L, Gephart H. Utilization and cost of 
health care services for children with attention-deficit/hyperactivity disor-
der. Pediatrics. 2001;108(1):71–8.

	10.	 National Center for Health Statistics. Percentage of having a well child 
check-up in the past 12 months for children under age 18 years, United 
States, 2019—2020. National Health Interview Survey. Generated inter-
actively: Apr 15 2022 from https://​wwwn.​cdc.​gov/​NHISD​ataQu​eryTo​ol/​
SHS_​child/​index.​html.

	11.	 Cohen JA, Kelleher KJ, Mannarino AP. Identifying, treating, and referring 
traumatized children: the role of pediatric providers. Arch Pediatr Adolesc 
Med. 2008;162(5):447–52.

	12.	 Dubowitz H, Lane WG, Semiatin JN, Magder LS, Venepally M, Jans M. The 
safe environment for every kid model: impact on pediatric primary care 
professionals. Pediatrics. 2011;127(4):e962–70.

	13.	 Narayan AP, Socolar RR, St CK. Pediatric residency training in child abuse 
and neglect in the United States. Pediatrics. 2006;117(6):2215–21.

	14.	 Wherry JN, Briggs-King E, Hanson RF. Psychosocial assessment in child 
maltreatment. In: Treatment of child abuse: common ground for mental 
health, medical and legal practitioners. 2014. p. 12–30.

	15.	 Flynn AB, Fothergill KE, Wilcox HC, Coleclough E, Horwitz R, Ruble A, et al. 
Primary care interventions to prevent or treat traumatic stress in child-
hood: a systematic review. Acad Pediatr. 2015;15(5):480–92.

	16.	 Dueweke AR, Hanson RF, Wallis E, Fanguy E, Newman C. Training pediatric 
primary care residents in trauma-informed care: a feasibility trial. Clin 
Pediatr. 2019;58(11–12):1239–49.

	17.	 Dubowitz H, Feigelman S, Lane W, Kim J. Pediatric primary care to help 
prevent child maltreatment: the Safe Environment for Every Kid (SEEK) 
model. Pediatrics. 2009;123(3):858–64.

	18.	 Mishra R, Bian J, Fiszman M, Weir CR, Jonnalagadda S, Mostafa J, et al. Text 
summarization in the biomedical domain: a systematic review of recent 
research. J Biomed Inform. 2014;52:457–67.

	19.	 Landau AY, Ferrarello S, Blanchard A, Cato K, Atkins N, Salazar S, et al. 
Developing machine learning-based models to help identify child abuse 
and neglect: key ethical challenges and recommended solutions. J Am 
Med Inform Assoc. 2022;29(3):576–80.

	20.	 Kerker BD, Storfer-Isser A, Szilagyi M, Stein RE, Garner AS, O’Connor KG, 
et al. Do pediatricians ask about adverse childhood experiences in pedi-
atric primary care? Acad Pediatr. 2016;16(2):154–60.

	21.	 Pidano AE. How primary care providers respond to children’s mental 
health needs: Strategies and barriers. Child Health and Development 
Institute of Connecticut; 2007.

	22.	 Wissow LS, Brown J, Fothergill KE, Gadomski A, Hacker K, Salmon P, et al. 
Universal mental health screening in pediatric primary care: a systematic 
review. J Ame Acad Child Adolesc Psychiatry. 2013;52(11):1134-47. e23.

	23.	 Diamond GS, O’Malley A, Wintersteen MB, Peters S, Yunghans S, Biddle V, 
et al. Attitudes, practices, and barriers to adolescent suicide and mental 
health screening: asurvey of Pennsylvania primary care providers. J Prim 
Care Community Health. 2012;3(1):29–35.

	24.	 Curry SJ, Krist AH, Owens DK, Barry MJ, Caughey AB, Davidson KW, et al. 
Interventions to prevent child maltreatment: US Preventive Services Task 
Force recommendation statement. JAMA. 2018;320(20):2122–8.

	25.	 Sutton RT, Pincock D, Baumgart DC, Sadowski DC, Fedorak RN, Kroeker 
KI. An overview of clinical decision support systems: benefits, risks, and 
strategies for success. NPJ Digit Med. 2020;3(1):1–10.

	26.	 Patterson BW, Pulia MS, Ravi S, Hoonakker PL, Hundt AS, Wiegmann D, 
et al. Scope and influence of electronic health record–integrated clinical 
decision support in the emergency department: a systematic review. Ann 
Emerg Med. 2019;74(2):285–96.

	27.	 Landau AY, Blanchard A, Cato K, Atkins N, Salazar S, Patton DU, et al. Con-
siderations for development of child abuse and neglect phenotype with 
implications for reduction of racial bias: a qualitative study. J Am Med 
Inform Assoc. 2022;29(3):512–9.

	28.	 Potter MH, Kennedy RS, Font SA. Rates and predictors of child maltreat-
ment re-perpetration against new victims and prior victims. Child Abuse 
Negl. 2022;123:105419.

	29.	 Gillingham P. Predictive risk modelling to prevent child maltreatment 
and other adverse outcomes for service users: Inside the ‘black box’of 
machine learning. Br J Soc Work. 2016;46(4):1044–58.

	30.	 Hirsch JS, Tanenbaum JS, Lipsky Gorman S, Liu C, Schmitz E, Hashorva 
D, et al. HARVEST, a longitudinal patient record summarizer. J Am Med 
Inform Assoc. 2015;22(2):263–74.

	31.	 Feblowitz JC, Wright A, Singh H, Samal L, Sittig DF. Summarization of clini-
cal information: a conceptual model. J Biomed Inform. 2011;44(4):688–99.

	32.	 Liu H, Friedman C. CliniViewer: A tool for viewing electronic medical 
records based on natural language processing and XML. Stud Health 
Technol Inform. 2004;107(Pt 1):639-43. PMID: 15360891.

	33	 Rogers JL, Haring OM. The impact of a computerized medical record 
summary system on incidence and length of hospitalization. Med Care. 
1979;17:618–30.

	34.	 Cao H, Markatou M, Melton GB, Chiang MF, Hripcsak G. Mining a clinical 
data warehouse to discover disease-finding associations using co-
occurrence statistics. AMIA Annu Symp Proc. 2005;2005:106-10. PMID: 
16779011. PMCID: PMC1560759. 

	35.	 Klann JG, McCoy AB, Wright A, Wattanasin N, Sittig DF, Murphy SN. Health 
care transformation through collaboration on open-source informatics 
projects: integrating a medical applications platform, research data reposi-
tory, and patient summarization. Interact J Med Res. 2013;2(1):e2454.

	36.	 Byrd RJ, Steinhubl SR, Sun J, Ebadollahi S, Stewart WF. Automatic 
identification of heart failure diagnostic criteria, using text analysis of 
clinical notes from electronic health records. Int J Med Informatics. 
2014;83(12):983–92.

	37.	 Lenert L, Rheingold A. EHR-based screening and intervention for intimate 
partner violence. Charleston: Medical University of South Carolina; 2018.

	38.	 Zhu V, Lenert L. Enhancing Intimate Partner Violence (IPV) identification 
through automated EHR summarization. Charleston: Medical University 
of South Carolina; 2018.

	39.	 Murff HJ, FitzHenry F, Matheny ME, Gentry N, Kotter KL, Crimin K, et al. 
Automated identification of postoperative complications within an 
electronic medical record using natural language processing. JAMA. 
2011;306(8):848–55.

	40.	 Haerian K, Varn D, Vaidya S, Ena L, Chase H, Friedman C. Detection of 
pharmacovigilance-related adverse events using electronic health records 
and automated methods. Clin Pharmacol Ther. 2012;92(2):228–34.

	41.	 US Department of Health and Human Services. 2023. Retrieved August 
30, 2023 from https://​www.​hhs.​gov/​answe​rs/​progr​ams-​for-​famil​ies-​and-​
child​ren/​what-​is-​child-​abuse/​index.​html.

	42.	 Soysal E, Wang J, Jiang M, Wu Y, Pakhomov S, Liu H, et al. CLAMP–a toolkit 
for efficiently building customized clinical natural language processing 
pipelines. J Am Med Inform Assoc. 2018;25(3):331–6.

	43.	 Wang J, Abu-el-Rub N, Gray J, Pham HA, Zhou Y, Manion FJ, et al. COVID-
19 SignSym: a fast adaptation of a general clinical NLP tool to identify 
and normalize COVID-19 signs and symptoms to OMOP common data 
model. J Am Med Inform Assoc. 2021;28(6):1275–83.

	44.	 Xu H, Stenner SP, Doan S, Johnson KB, Waitman LR, Denny JC. MedEx: a 
medication information extraction system for clinical narratives. J Am 
Med Inform Assoc. 2010;17(1):19–24.

	45.	 Garza HH, Piper KE, Barczyk AN, Pérez A, Lawson KA. Accuracy of ICD-
10-CM coding for physical child abuse in a paediatric level I trauma 
centre. Inj Prev. 2021;27(Suppl 1):i71–4.

	46.	 Annapragada AV, Donaruma-Kwoh MM, Annapragada AV, Starosolski 
ZA. A natural language processing and deep learning approach to 
identify child abuse from pediatric electronic medical records. PLoS ONE. 
2021;16(2):e0247404.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

https://www.acf.hhs.gov/cb/data-research/child-maltreatment
https://www.acf.hhs.gov/cb/data-research/child-maltreatment
https://wwwn.cdc.gov/NHISDataQueryTool/SHS_child/index.html
https://wwwn.cdc.gov/NHISDataQueryTool/SHS_child/index.html
https://www.hhs.gov/answers/programs-for-families-and-children/what-is-child-abuse/index.html
https://www.hhs.gov/answers/programs-for-families-and-children/what-is-child-abuse/index.html

	Initial development of tools to identify child abuse and neglect in pediatric primary care
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Background
	Methods
	Develop the CAN lexicon
	Characterize transdisciplinary terms likely to be in notes related to CAN
	Validate and prioritize CAN terms

	Develop database to support CAN term identification
	Source of data

	NLP development and evaluation
	Develop and evaluate NLP and machine learning algorithms to identify CAN from EHR
	Evaluate performance of algorithms


	Results
	Develop CAN lexicon
	Generate and validate an interdisciplinary list of CAN-related terms for search in health records

	Database development
	NLP development and evaluation
	Machine learning approach identifying sentences with a CAN subject


	Discussion
	Limitations and future directions

	Conclusions
	Anchor 26
	Acknowledgements
	References


