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Abstract
BACKGROUND Artificial intelligence (AI)–powered digital front door tools are increasingly 
being used to guide patients to appropriate care and alleviate health care system pressure. 
However, most evaluations offer limited insight into stated care intent, real-world behavior, 
or care appropriateness.

METHODS The E-Health Self–Symptom Assessment as a Front Door and Facilitator of Care 
(ESSENCE) study was a prospective real-world quality improvement evaluation embedded 
in Portugal’s largest private health care network (CUF). Adults using the Ada Health diag-
nostic decision support system through the myCUF app reported their care intent before and 
after symptom assessment. We tracked actual behavior through electronic health records 
and surveys. Physician panels retrospectively assessed the appropriateness of intended and 
observed care.

RESULTS A total of 1470 adults (≥18 years of age; mean age, 38.5 years; 57.7% female) 
were enrolled. Of the 1338 participants with pre- and postassessment intentions, 33.0% 
revised their planned care level immediately after assessment. Uncertainty decreased 
from 12.6% to 5.0% (P<0.001). Among 721 participants with observed behavior, 59.1% 
changed their care pathway: 28.9% de-escalated, 17.2% escalated, and 13.0% resolved 
prior uncertainty. Primary care consultations increased from 16.3% to 42.1% (P<0.001), 
whereas specialist visits decreased from 49.7% to 29.8% (P<0.001). Among nonemergency 
participants with preassessment intentions and sufficient clinical documentation (n=382), 
appropriate care increased from 29.8% preassessment to 64.4% postbehavior (95% confi-
dence interval, 27.8 to 41.4; P<0.001). Of the 96 participants who planned an emergency 
department (ED) visit, 38.5% selected lower-acuity care after assessment. In the subset 
with clinician-rated follow-up, 93% (27 of 29; 95% CI, 78.0 to 98.1%) were judged to have 
appropriately avoided an unnecessary ED visit.

CONCLUSIONS Integrating an AI-supported symptom assessment and follow-up ser-
vice options within a digital front door was associated with shifts in patient intentions and 
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behaviors, reducing uncertainty and promoting appropri-
ate health care use. These findings suggest that diagnostic 
decision support systems shape real-world decision-mak-
ing in addition to generating accurate recommendations, 
warranting further evaluation across diverse health care 
settings. (Funded by the Federal Ministry of Research, 
Technology and Space [Bundesministerium für Forschung, 
Technologie und Raumfahrt].)

Introduction

H ealth care systems worldwide face growing 
strain from rising chronic disease burdens, 
aging populations, and health care professional 

shortages, which stretch resources, increase wait times, and 
limit access to timely care.1 Scalable solutions are needed 
that guide patients to the right care at the right time — with-
out compromising quality or safety.

One such solution is the digital front door (DFD): digitally 
enabled entry points through which patients access health 
care services. These tools — including symptom assess-
ments, online triage, appointment booking, and remote 
consultations — are designed to streamline access, reduce 
unnecessary demand, and guide users to the most appropri-
ate care setting.2 Critically, they hold potential to support 
patients in one of the most challenging aspects of health 
care: deciding whether, when, where, and how urgently to 
seek care.

Evidence shows that this decision-making process is filled 
with uncertainty. Self-triage accuracy remains moder-
ate (47%–62%), with frequent overestimation of urgency 
and occasional failure to recognize serious conditions.3,4 
Although most individuals correctly identify emergen-
cies (82%), overtriage occurs in 65% of cases, and 8% 
of critical situations are missed entirely.5 As highlighted 
during the coronavirus disease 2019 pandemic, delayed 
or misdirected care can lead to worse health outcomes.6 In 
response, health care systems are increasingly embedding 
artificial intelligence (AI)–based symptom assessment and 
navigation into patient-facing platforms. These integra-
tions aim to reduce uncertainty, curb unnecessary demand, 
and improve timely access to care.

However, most evaluations of digital triage tools focus nar-
rowly on output accuracy or stated intent, offering limited 
insight into actual patient behavior. For example, a study 
in Portugal reported that 22.8% of users revised their care 
plans after AI-supported triage, but did not assess whether 

patients followed through with their intention or whether 
the resulting care was appropriate.7 Similarly, an evaluation 
in Australia described reductions in overtriage compared 
with the previous system but did not examine adherence 
to recommendations or downstream outcomes.8 These 
approaches miss the complex, often nonlinear ways patients 
interpret information and make decisions in real-world set-
tings. Users are often exposed to more than a single triage 
recommendation. They receive a mix of condition-specific 
advice, explanatory information, and follow-up options 
— all of which, alongside additional contextual factors, 
influence their decisions. Understanding this interplay 
requires evaluation that tracks actual behavior and clinical 
appropriateness.

To address this gap, we conducted the E-Health Self–
Symptom Assessment as a Front Door and Facilitator 
of Care (ESSENCE) study. Embedded within Portugal’s 
CUF private health care network, the study assessed how 
integrating Ada Health’s diagnostic decision support 
system (DDSS) into a DFD influenced patient behavior, 
service use, and care appropriateness in a real-world set-
ting. This article focuses on the behavioral impact of the 
Ada Health–CUF integration; findings related to clinical 
workflow and physician perspectives will be reported 
separately.

Methods

STUDY DESIGN

This prospective, observational quality improvement 
study evaluated the real-world impact of the Ada Health 
DDSS on health care–seeking behavior within the CUF pri-
vate health care network. Adults (≥18 years of age) using 
the myCUF app in Portuguese to complete a full symp-
tom assessment for themselves were eligible. Inclusion 
required completion of pre- and postassessment questions, 
informed consent, and report sharing with a health care 
provider. Participants were instructed not to use the DDSS 
in emergency situations. Enrollment ran from November 
2023 to October 2024.

DATA COLLECTION

Participants reported their care-seeking intention before 
the assessment and again after reviewing the symptom 
report, which listed likely conditions with probability rat-
ings and care recommendations for each condition and 
the overall case. Each condition included a “What’s next?” 
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button linking to follow-up service options (e.g., booking a 
teleconsultation), which was only shown after the postas-
sessment intention question was completed.

Health care–seeking behavior was collected in two steps. 
First, all CUF encounters occurring within 14 days of com-
pletion of the symptom assessment were retrieved from the 
electronic health record (EHR) and classified as observed 
behavior. Second, for participants without a documented 
CUF encounter in this 14-day window, an email survey was 
sent between day 14 and day 28 to capture self-reported 
care use outside CUF or home management. For the pri-
mary analyses, behavior was considered “known” if con-
firmed either through the 14-day EHR window or through 
the survey response, using the same care categories as in 
the intention questions.

For CUF consultations, additional data were extracted 
(e.g., clinical notes, International Statistical Classification 
of Diseases and Related Health Problems, Tenth Revision 
codes). If the participant was seen by a physician participat-
ing in the study at one of three participating CUF centers, 
a survey evaluating the symptom report was completed 
directly after the consultation or later if necessary.

At study end, a panel of three senior CUF physicians who 
were not involved in treating patients assessed in the study 
reviewed each visit to determine the most appropriate 
level of care (i.e., self-care, primary care, specialist care, or 
emergency care). Raters were blinded to the DDSS recom-
mendation and to participants’ pre- and postassessment 
intentions and did not have access to downstream out-
comes (e.g., diagnostics, treatments, revisits) when mak-
ing their appropriateness ratings. Emergency department 
(ED) visit appropriateness was assessed separately from 
non-ED visits using a three-part framework evaluating 
clinical appropriateness, potential for primary care evalua-
tion, and type of resource use in the ED.9 Visits were classi-
fied as appropriate if they were either clinically justified or 
required ED-specific interventions.

To assess potential safety signals, we additionally reviewed 
downstream acute care utilization for users who de-esca-
lated from an initial emergency care intention and for those 
who directly attended the ED, including repeat ED visits 
within 72 hours and any hospitalizations recorded in CUF’s 
EHR within 14 days.

DATA ANALYSIS

All statistical analyses were performed using R software 
(version 4.2.1). Descriptive statistics were used to summa-
rize participant demographics, care intentions, observed 

behaviors, and DDSS recommendations. Continuous 
variables are presented as means (± standard deviation) 
or medians (interquartile range), and categorical vari-
ables as frequencies and percentages. Care transitions 
across the time points (i.e., preassessment, postassess-
ment, observed behavior) were visualized using Sankey 
diagrams.

To evaluate whether the overall distribution of care levels 
changed across time points, paired comparisons were ana-
lyzed using the Stuart–Maxwell test of marginal homoge-
neity. Agreement between care selections at different time 
points was assessed using Cohen’s kappa with 95% confi-
dence intervals and interpreted according to conventional 
strength categories.

To further describe direction-specific movement between 
categories, McNemar’s test was applied to paired propor-
tions. These tests were used descriptively to illustrate spe-
cific category shifts. The associations between DDSS advice 
and observed behavior were analyzed using Pearson’s chi-
square test. Rankers’ agreement was studied by Fleiss’ 
kappa test.

A multivariable logistic regression was conducted to exam-
ine predictors of appropriate real-world behavior. The 
dependent variable was actual behavior appropriateness 
(appropriate vs. inappropriate). Independent variables 
were selected a priori based on theoretical relevance: 
preassessment appropriateness (Y [yes]/N [no]/unsure), 
DDSS case-advice appropriateness (Y/N), postassessment 
appropriateness (Y/N/unsure), age (continuous), and sex 
(female/male). Categorical variables were dummy coded. 
Variables such as day of the week, number of symptoms, 
and site were not included due to a high proportion of 
missing data or limited clinical relevance. Maximum like-
lihood estimation was used with an alpha equal to 0.05. 
The Hosmer–Lemeshow test was applied to assess model 
fit (P>0.05 indicating adequate fit).

A significance level of 5% was adopted for all statistical 
analyses.

GENERALIZABILITY

To assess selection effects, we compared care intentions 
and user characteristics between the study population and 
all other DDSS users who completed an assessment within 
the same integration (excluding skipped responses). Within 
the study population, we examined differences between 
participants with and without follow-up data, includ-
ing demographics, DDSS-recommended care level, and 
changes in intended care.
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DATA MANAGEMENT AND ETHICS

Data were securely stored in a validated electronic system 
(Teamscope) using unique identifiers. Ethical approval 
was granted by the National Ethics Committee for Clinical 
Research (Comissão de Ética para a Investigação Clínica) 
(No. 2204JJ351 and No. 2309JJ660). The study was reg-
istered at ClinicalTrials.gov (as NCT06846957) and com-
plied with the Declaration of Helsinki and International 
Organization for Standardization (ISO) 14155:2020 guide-
lines. The Strengthening the Reporting of Observational 
Studies in Epidemiology (STROBE) guidelines were fol-
lowed throughout.

Results

PARTICIPANT DEMOGRAPHICS

The study enrolled 1470 participants, with a mean age of 
38.5 years (±12.5); 57.7% (848 of 1470) were female. 
Care-seeking behavior was determined for 721 partici-
pants, of whom 529 (73%) were validated through EHRs 
and 192 (27%) through follow-up survey responses. Full 
demographic, symptom, and DDSS recommendation 

distributions are shown in Table 1. The participant selec-
tion and inclusion process is outlined in a STROBE flow-
chart (Fig. 1).

PARTICIPANT INTENTIONS (PRE- VS. 
POSTASSESSMENT)

Participant intentions before and after the assessment are 
summarized in Tables 2–4 and Table S1 in the Supplementary 
Appendix, and are visualized in Figure 2. In the paired cohort 
(n=1338), uncertainty declined substantially from 12.6% 
to 5.0% (McNemar χ2=57.14; P<0.0001), correspond-
ing to a −7.54 percentage point change (95% confidence 
interval [CI], −9.52 to −5.56). Intentions to consult a spe-
cialist increased from 53.0% to 57.3% (+4.33 percentage 
points; 95% CI, 2.66 to 6.00; P=0.0003), and intentions 
to consult a primary care provider (PCP) increased from 
17.8% to 19.7% (+1.87 percentage points; 95% CI, 0.42 
to 3.32; P=0.082). The proportion of patients intending to 
seek emergency care (9.4% to 10.8%; +1.35 percentage 
points; 95% CI, 0.13 to 2.57; P=0.07) or to manage symp-
toms at home (7.2% to 7.2%; 0.00 percentage points; 95% 
CI, −1.39 to 1.39; P=1.00) showed no meaningful change. 
Overall, only 67.0% (897 of 1338) of participants main-
tained their original intention.

PARTICIPANTS’ BEHAVIOR COMPARED WITH 
PREASSESSMENT INTENTIONS

The overall distribution of care level shifted significantly 
from preassessment intentions to observed behavior 
(P<0.001), driven by a marked reduction in specialist care 
and increased PCP consultations. Among 717 participants 
for whom both preassessment intentions and observed 
behavior were available, only 41% (294 of 717) followed 
through with the care level they had initially planned. Among 
participants, 17.2% (123 of 717) escalated to a higher-ur-
gency option, whereas 28.9% (207 of 716) de-escalated to a 
lower-urgency one, indicating a net shift toward lower-acu-
ity care (Tables 3 and 4). Primary care use increased from 
16.3% (117 of 717) to 42.1% (302 of 717) (95% CI, 22.5 
to 29.1; P<0.0001), while specialist visits decreased from 
49.7% (356 of 717) to 29.8% (214 of 717) (95% CI, −23.0 
to −16.6; P<0.0001). Self-management remained stable 
(7.7% to 6.8%; 95% CI, −3.1 to 1.5; P=0.54) and emer-
gency care use increased from 13.4% (96 of 717) to 21.2% 
(152 of 717) (95% CI, 5.2 to 10.4; P<0.0001; Fig. 3).

Agreement between care choices across time points 
was moderate for pre- and postassessment intentions 
(κ=0.52; 95% CI, 0.48 to 0.56) and fair for both preas-
sessment and behavior (κ=0.21; 95% CI, 0.16 to 0.26) 

Table 1.  Participant Demographics (N=1470).*

Continuous Variable Mean±SD or (%)

Age (years) 38.5±12.5 (range, 18–83)

Number of symptoms entered initially 2.3±1.9 (IQR, 1–3)

Sex distribution

  Female 848 (57.7)

  Male 615 (41.8)

  Missing data 7 (0.5)

DDSS recommendation

  Self-care 24 (1.6)

  Self-care/pharmacy 154 (10.5)

  Primary care — 2–3 weeks 146 (9.9)

  Primary care — 2–3 days 326 (22.2)

  Primary care — same day 547 (37.2)

  Primary care — 4 hours 80 (5.4)

  Emergency care 144 (9.8)

  Call ambulance 42 (2.9)

  Missing data 7 (0.5)

Site visited

  Virtual health care visits 211 (14.3)

  In-person health care visits 460 (31.3)

  Managed symptoms at home 50 (3.4)

  No information available 749 (51.0)

*�DDSS denotes diagnostic decision support system; IQR, interquartile 
range; and SD, standard deviation.
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33,746 

20,387

721

1533

1470

16,159

4812

60.4%

79.3%

29.8%

31.8%

96.0%

49.1%

22.6% 73.4%

Behavior only
known via email
response

192 

522
Full clinical
visit notes
available

385
Non-ED

appropriateness
ratings

132
ED

appropriateness
ratings

163
Postvisit
physician
surveys 

103 retrospective

Behavior known
through EHR
follow-up

529

13,359 Users either actively did not consent or did not
continue with their journey
  
4228 Users stopped before completing the survey or 
preassessment question

11,347 Users did not continue the journey to complete
the postassessment questions, requiring them to click
through to see “next steps”

3279 Users did not continue the journey to share their
report with CUF – requiring them to click through
the care options first

63 Test cases or duplicates

749 With unknown behavior – neither responded to email
follow-up nor sought care at CUF 

211 Email responses in total 
  3 Email responses excluded as no clear behavior stated
16 Patients with email and EHR data

5 Cases no judgement possible

Invited to participate

Consented to participate

Answered postassessment questions

Eligile participants

Known behavior

Completed preassessment question
and symptom assessment 

Shared symptom report with CUF 
and enrolled as study participants

Figure 1.  Strengthening the Reporting of Observational Studies in Epidemiology Inclusion Flowchart.
ED denotes emergency department; and EHR, electronic health record.

Table 2.  Changes in Care Intentions before and after the Symptom Assessment (Paired Cohort, N=1338).*

Care Category
Preassessment, 

N (%)
Postassessment, 

N (%)
Net Change 

(pp) 95% CI
McNemar χ2 

(CC) P Value

Consulting a specialist 709 (53.0) 767 (57.3) 4.33 2.66 to 6.00 12.996 0.0003

Consulting a primary care physician 238 (17.8) 263 (19.7) 1.87 0.42 to 3.32 3.015 0.082

I’m not sure 168 (12.6) 67 (5.0) −7.54 −9.52 to −5.56 57.14 <0.0001

Seeking emergency care 126 (9.4) 144 (10.8) 1.35 0.13 to 2.57 3.28 0.07

Managing at home/consulting pharmacist 97 (7.2) 97 (7.2) 0.00 −1.39 to 1.39 0 1

*�A total of 132 users were excluded due to missing intention data, either skipped before or after the symptom assessment, or both. CC denotes 
correlation coefficient; CI, confidence interval; and pp, percentage points.
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and postassessment and behavior (κ=0.23; 95% CI, 0.18 
to 0.29). Preassessment intention was the only statisti-
cally significant factor driving whether users stuck with or 
revised their care plans (P<0.001) (Table S5). The level of 
the DDSS’s advice was associated with behavior (χ2=25.44; 
degrees of freedom=4; P<0.001).

APPROPRIATENESS OF PLANS FOR SEEKING CARE 
AND OBSERVED BEHAVIOR

Appropriateness ratings before and after the symptom 
assessment were available for 363 participants with com-
plete paired data (Table 5). The proportion of appropriate 
planned care increased from 30.0% to 35.3%, a statistically 
significant improvement of +5.23 percentage points (95% 
CI, 0.88 to 9.59; P=0.026). The proportion of inappropriate 
plans remained stable (59.2% vs. 59.5%, +0.28 percentage 
points; 95% CI, −4.46 to 5.01; P=1.00), while the propor-
tion of participants uncertain about how to manage their 
symptoms decreased markedly, from 10.7% to 5.2% (−5.51 
percentage points; 95% CI, −9.01 to −2.01; P=0.0034).

The appropriateness of intended care versus actual care 
taken was compared in 382 participants with complete 

paired observations (Table 6). The proportion of users 
whose behavior was rated clinically appropriate was sub-
stantially higher than the proportion whose initial plans 
were appropriate: 29.8% at preassessment versus 64.4% at 
the point of care (+34.55 percentage points; 95% CI, 27.75 
to 41.36; P<0.0001). Conversely, inappropriate intentions 
decreased from 59.2% to 35.6% (−23.56 percentage 
points; 95% CI, −30.05 to −17.07; P<0.0001). Among ini-
tially unsure participants, 69% (29 of 42; 95% CI, 54.6 to 
80.8) sought appropriate care. Overall, 77.0% (296 of 385; 
95% CI, 72.5 to 81.0) of cases received the most appropri-
ate urgency advice. Appropriateness could not be evaluated 
for 50 users (6.9% of 721 users with known behavior) who 
managed their symptoms at home, as no clinical documen-
tation was available for review.

Interrater agreement was high: The three raters agreed in 
344 of 385 cases (89.4%), with disagreement occurring in 
41 cases. In 13 cases, rater A differed from raters B and C; 
in 12 cases, rater B differed; in 11 cases, rater C differed; 
and in 5 cases, all three raters assigned different classifi-
cations. Fleiss’ kappa was approximately 0.85, indicating 
substantial reliability. All disagreements were resolved 
through consensus after joint review of the clinical files.

Table 4.  Transition Outcomes for Pre- versus Postassessment Intentions and Observed Behavior.*

Metric Pre→Post (N=1338) Pre→Behavior (N=717) Post→Behavior (N=659)

No change 897 (67.0%) 294 (41.0%) 299 (45.4%)

Escalated† 126 (9.4%) 123 (17.2%) 122 (18.5%)

De-escalated† 110 (8.2%) 207 (28.9%) 209 (31.7%)

Made certain‡ 138 (10.3%) 93 (13.0%) 29 (4.4%)

Made uncertain‡ 37 (2.8%) 0 (0.0%) 0 (0.0%)

Stayed uncertain§ 30 (2.2%) 0 (0.0%) 0 (0.0%)

Stuart–Maxwell test of marginal homogeneity Q=48.20, df=4, P<0.001 Q=124.4, df=6, P<0.001 Q=90.39, df=3 P<0.001

Cohen’s kappa Cohen’s κ=0.52 (95% CI, 0.48 
to 0.56), moderate agreement

Cohen’s κ=0.21 (95% CI, 0.16 
to 0.26), fair agreement

Cohen’s κ=0.24 (95% CI, 0.18 
to 0.29), fair agreement

*	CI denotes confidence interval; and df, degrees of freedom.
†	Escalated indicates a move to a higher-urgency category; de-escalated indicates a move to a lower-urgency category. 
‡	Made certain indicates a shift from “I’m not sure” to a specific category; made uncertain indicates a shift from a specific category to “I’m not sure.”
§	 Stayed uncertain indicates “I’m not sure” at both time points.

Table 3.  Changes in Care Intentions before the Symptom Assessment and Subsequent Actual Behavior (Paired Cohort, N=717).*

Care Category
Preassessment, 

N (%)
Behavior, 

N (%)
Net Change 

(pp) 95% CI (pp)
McNemar 
χ2 (CC) P Value

Consulting a PCP 117 (16.3) 302 (42.1) 25.8 22.5 to 29.1 136.1 <0.0001

Consulting a specialist 356 (49.7) 214 (29.9) −19.8 −23.0 to −16.6 84 <0.0001

Managing at home/consulting pharmacist 55 (7.7) 49 (6.8) −0.8 −3.1 to 1.5 0.378 0.539

Seeking emergency care 96 (13.4) 152 (21.2) 7.8 5.2 to 10.4 24.27 <0.0001

I’m not sure 93 (13.0) 0 (0.0) −8.8 −11.3 to −6.3 61 <0.0001

*�Behavioral data are only known for 721 participants, of whom 4 initially had skipped the preassessment intent question. CC denotes correlation 
coefficient; CI, confidence interval; PCP, primary care provider; and pp, percentage points.
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EMERGENCY DEPARTMENT UTILIZATION AND 
APPROPRIATENESS

Among users who initially planned to seek emergency care, 
27.8% (35 of 126) revised their intention immediately after 
the assessment, and 38.5% (37 of 96) ultimately chose a 
different care level. Of these 96 users, 29 had a follow-up 
consultation within CUF with an appropriateness rating. In 
27 cases (27 of 29; 95% CI, 78.0 to 98.1), emergency care 

was not considered necessary, suggesting patients’ decision 
to avoid the ED was clinically appropriate.

In the two remaining cases where patients had a fol-
low-up consultation, the DDSS recommended emergency 
care — one for pneumonia, the other for a suspected wrist 
fracture. Despite appropriate intentions and DDSS advice, 
one participant saw a PCP and the other a specialist.

710 Pre: Consulting a specialist

Pre: Consulting a GP

Pre: I’m not sure

Pre: Managing my symptoms at home or consulting a pharmacist

Pre: Seeking emergency care Post: Seeking emergency care

Post: I’m not sure

Post: Managing my symptoms at home or consulting a pharmacist

Post: Consulting a GP

Post: Consulting a specialist

168

97

125

238

767

97

67

144

263

Figure 2.  Transitions in Care Intentions from Preassessment to Postassessment Time Points.
This figure presents a Sankey diagram illustrating transitions between merged care categories before and after the symptom assessment. 
Node sizes represent the number of users in each category; link widths indicate the number transitioning between categories. Categories 
include consulting a specialist, consulting a primary care provider, managing symptoms at home or consulting a pharmacist, “I’m not 
sure,” and seeking emergency care. Participants with missing responses at either time point were excluded, yielding a paired dataset of 
1338. For each category, the number of users who remained in the same category, moved out, or moved in was as follows: consulting 
a primary care provider: 155 stayed, 83 moved out, 108 moved in; consulting a specialist: 614 stayed, 96 moved out, 153 moved in; I’m 
not sure: 30 stayed, 138 moved out, 37 moved in; managing at home or consulting a pharmacist: 38 stayed, 59 moved out, 59 moved in; 
seeking emergency care: 91 stayed, 34 moved out, 53 moved in; GP denotes general practitioner.

Table 5.  Change in Appropriateness of Care Plans before and after the Symptom Assessment (Paired Cohort, N=363).*

Care Category Preassessment, N (%) Postassessment, N (%) Net Change (pp) 95% CI (pp) McNemar χ2 (CC) P Value

Appropriate 109 (30.0) 128 (35.3) 5.23 pp 0.88 to 9.59 4.985 0.0256

Inappropriate 215 (59.2) 216 (59.5) 0.28 pp −4.46 to 5.01 0 1

Unsure 39 (10.7) 19 (5.2) −5.51 pp −9.01 to −2.01 8.595 0.0034

*�Overall, 385 non–emergency department participants were judged for appropriateness. Three participants had skipped the preassessment 
intention question and 20 participants skipped the postassessment intention question. Paired analysis includes only users with both pre- and 
postappropriateness classifications (n=363). “Unsure” indicates the participant had selected “I don’t know” in response to the intent question before 
or after the assessment. CC denotes correlation coefficient; CI, confidence interval; and pp, percentage points.
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Overall, 72.0% of ED visits (95 of 132; 95% CI, 63.6 to 
79.0) were classified as appropriate. This included 55 vis-
its judged clinically appropriate, and an additional 40 that 
involved ED-specific interventions such as in-hospital diag-
nostics, treatment, or admission.

Among appropriate ED visits, 56.8% (54 of 95) were from 
patients who had not initially intended to seek emergency 
care. These visits involved slightly older patients (41.1±13.6 
years of age) than inappropriate ones (36.0±12.9 years of 
age; P=0.053). When the DDSS recommended emergency 
care, 82.1% (32 of 39; 95% CI, 67.3 to 91.0) of those visits 

were later rated as appropriate (Table S7). Based on the 
Manchester Triage Scale, 33.7% of appropriate visits were 
classified as urgent, compared with 8.1% of inappropriate 
visits (P=0.003). Weekday visits were more often appropri-
ate (74.7% vs. 57.5%; P=0.019).

To evaluate potential safety risks following changes in care 
intention, we examined downstream acute care utilization 
among users who de-escalated from an initial emergency 
care intention and among those who directly attended the 
CUF ED. Among the 207 users who de-escalated to pri-
mary care or specialist care after the assessment, 5 (2.4%) 

Table 6.  Change in Appropriateness between Preassessment Plans and Actual Behavior (Paired Cohort, N=382).*

Care Category Preassessment, N (%) Behavior, N (%) Net Change (pp) 95% CI (pp) McNemar χ2 (CC) P Value

Appropriate 114 (29.8) 246 (64.4) 34.55 pp 27.75 to 41.36 97.506 <0.0001

Inappropriate 226 (59.2) 136 (35.6) −23.56 pp −30.05 to −17.07 49.506 <0.0001

Unsure 42 (11.0) 0 (0.0) N/A N/A N/A N/A

*�Overall, 385 non–emergency department participants were judged for appropriateness. Three participants had skipped the preassessment intention 
question. This yields 382 paired observations. CC denotes correlation coefficient; CI, confidence interval; N/A, not applicable; and pp, percentage 
points.

Pre: Seeking emergency care

Pre: I’m not sure

Pre: Managing my symptoms at home or consulting a pharmacist

Pre: Consulting a GP

Pre: Consulting a specialist

Behaviour: Seeking emergency care

Behaviour: Managing my symptoms at home or consulting a pharmacist

Behaviour: Consulting a GP

Behaviour: Consulting a specialist
356

55

93

96

117

214

49

152

302

Figure 3.  Transitions between Preassessment Intentions and Actual Behavior.
This figure presents a Sankey diagram illustrating transitions between care intentions expressed before the symptom assessment 
and the care actions subsequently taken. Node sizes represent the number of users in each category; link widths reflect the number 
transitioning between categories. The paired dataset included 717 users with both preassessment intention and observed behavior. 
The transition summary for each preassessment category is as follows: consulting a specialist: 152 stayed, 204 moved out, and 62 
moved in; consulting a primary care provider: 74 stayed, 43 moved out, and 228 moved in; managing symptoms at home or consulting 
a pharmacist: 9 stayed, 46 moved out, and 40 moved in; seeking emergency care: 59 stayed, 37 moved out, and 93 moved in; I’m not 
sure: 0 stayed, 93 moved out, and 0 moved in; GP denotes general practitioner.
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subsequently required ED observation. These events 
occurred between day 3 and day 11 and involved compli-
cations of tonsillitis, a nonresolving urinary tract infection, 
severe urticaria (following a teleconsultation referral), 
worsening jaundice in hepatitis, and prostatitis (one case 
with two ED contacts).

In the group of 132 users who directly attended the ED, 
13 (9.8%) required a return ED visit and 2 of these were 
admitted during that return encounter. The proportion of 
users requiring emergency care after their initial decision 
was significantly lower in the de-escalated group than in the 
direct-to-ED group (5 of 207 [2.4%] vs. 13 of 132 [9.8%]; 
P=0.003).

MULTIVARIABLE ANALYSIS OF PREDICTORS OF 
APPROPRIATE BEHAVIOR

Because the logistic regression aimed to examine predic-
tors of appropriate behavior across the whole cohort, both 
ED and non-ED users were included in the model. Of the 
522 users with known behavior, 5 lacked an appropriate-
ness judgement and 38 had missing predictor data, result-
ing in 479 complete cases for analysis.

The model was statistically significant (likelihood ratio 
χ2(6)=13.82, P=0.00011; pseudo R2=0.045). Appropriate 
postassessment intention was the strongest predictor of 
appropriate real-world behavior (odds ratio, 2.84; 95% 
CI, 1.55 to 5.34; P=0.001). Female sex was also associ-
ated with higher odds of appropriate behavior (odds ratio, 
1.69; 95% CI, 1.10 to 2.63; P=0.018). Age, preassessment 
appropriateness, and DDSS case advice appropriateness 
were not statistically significant predictors after adjust-
ment. Full model coefficients are provided in Table S8.

GENERALIZABILITY

Compared with all users who completed the assessment 
(n=16,158), the study cohort (n=1470) showed lower rates 
of “I’m not sure” intentions (13.0% vs. 20.7%; P=0.012) 
and home management intentions (7.4% vs. 13.7%; 
P=0.0066). The cohort also had a higher proportion of 
primary care DDSS advice (74.8% vs. 68.5%; P<0.0001) 
and lower proportions of both self-care advice (12.1% vs. 
14.9%; P=0.002) and emergency or ambulance advice 
(12.7% vs. 16.7%; P<0.0001). Sex distribution differed, 
with fewer women in the study population (57.7% vs. 
65.0%; P<0.0001).

Users with known behavior (n=721) were slightly older than 
those with unknown behavior (n=749) (mean age, 39.5 vs. 
37.7 years; P=0.005), while sex distribution (P=0.153) and 

number of symptoms (P=0.083) did not differ significantly. 
Differences were observed in care intentions and DDSS 
advice: Users with known behavior had higher emergency 
care intention both pre- and postassessment, whereas users 
with unknown behavior more often intended specialist care 
and selected home management options. These patterns 
aligned with DDSS advice distribution, with users with 
known behavior receiving more emergency-level advice 
and users with unknown behavior more often receiving 
specialist-aligned advice (P=0.033). Full results are pro-
vided in Tables S9 and S10.

Discussion
The ESSENCE study evaluated an AI-supported digital 
symptom assessment pathway integrated into Portugal’s 
largest private health care network to support more appro-
priate health care utilization. Use of the tool was associated 
with measurable shifts in patient intentions and behaviors, 
reducing uncertainty and promoting care choices more 
aligned with clinical appropriateness. These changes corre-
sponded to meaningful adjustments in service use, includ-
ing increased use of primary care and reduced specialist 
and emergency visits, highlighting the potential of digi-
tal decision support tools to shape real-world health care 
behavior.

AI IN PATIENT EMPOWERMENT AND HEALTH CARE 
UTILIZATION

AI is increasingly recognized as a tool to support patients 
in navigating care decisions. By synthesizing symptom 
data and offering personalized guidance, AI-supported 
symptom assessment, when integrated into an actionable 
digital pathway, can contribute to improved efficiency and 
appropriateness. System-level benefits of AI-enabled triage 
have been demonstrated in prior work.10 Early evaluations 
focused on diagnostic accuracy, but interest is now shifting 
toward real-world impact on behavior and outcomes. AI 
integrations have already been shown to influence health 
behaviors in areas such as hypertension management, 
smoking cessation, and digital cognitive behavioral therapy 
for pain and anxiety.11-13 However, evidence on how DFD 
tools affect real care decisions remains limited.

A study evaluating the integration of AI-supported virtual 
triage with live nurse triage in a Portuguese health insurance 
plan found 22.8% of patient-members revised their care 
intent after triage — compared with over 30% in the present 
study — but behavior was only measured through outpatient 



NEJM AI� 10

bookings, excluding those choosing ED or self-care, with 
the focus of the study being mainly on intent comparison.7 
Australia’s national virtual front door redirected 55% of 
ED-intent users to lower-acuity options, but adherence and 
appropriateness were not assessed.8 A related large lan-
guage model (LLM)–based tool showed good technical per-
formance but also lacked behavioral validation.14

Together, these studies reflect a growing interest in 
AI-supported navigation tools, but also highlight a com-
mon limitation: reliance on AI performance or stated intent 
rather than observed behavior. In the present study, the 
poor agreement between postassessment intent and actual 
behavior (Cohen’s κ=0.25) reinforces the need for robust 
real-world evaluation to understand how DFD tools influ-
ence patient actions and system outcomes.

DRIVERS OF BEHAVIOR CHANGE

Understanding health care–seeking behavior is inherently 
complex. In this study, one third of users revised their care 
intentions immediately after reviewing the report, suggest-
ing that the assessment process and structured information 
significantly influenced their initial decisions.

After this, users were shown mapped service options tai-
lored to their condition and urgency, codeveloped by CUF 
and the DDSS provider. These pathways formed a com-
posite digital intervention, combining the informational 
content of the DDSS assessment with immediate access to 
bookable or actionable next-step options (e.g., primary care 
video consultations, same-day primary care appointments, 
and emergency care guidance). The high uptake of tele-
consultations and same-day appointments suggests these 
actionable options strongly influenced behavior, and prior 
research shows that immediacy and convenience often 
outweigh urgency in care decisions, meaning that clear 
next steps likely acted as effective behavioral nudges.15-17 
Because our dataset does not include information on which 
links users viewed, clicked, or used to complete a book-
ing, we could not analytically separate the influence of the 
DDSS advice from the effect of these service links or their 
associated convenience. As such, the observed behavior 
change should be interpreted as the impact of the com-
bined AI-supported pathway rather than the DDSS compo-
nent alone.

In addition, while triage recommendations guide decisions, 
patients also weigh whether advice fits their circumstances. 
Qualitative research shows people act on guidance that 
feels clear, reassuring, and feasible.4 These patterns reflect 
behavioral economics models, where individuals often 

“satisfice” — choosing acceptable, if not optimal, options 
under uncertainty.18 Patient engagement further improves 
when digital pathways offer transparency, personalization, 
and perceived empathy, creating a credible foundation for 
decision-making.16 Future evaluations incorporating EHR 
linkage, click-level analytics, A/B testing of pathway ele-
ments, or user interviews will be important for isolating 
which specific report components, recommendations, ser-
vice links, or contextual factors most strongly drive behav-
ior change.

APPROPRIATENESS OF DECISION-MAKING

AI-driven DFDs aim to guide patients to appropriate care 
or safe self-management, improving outcomes and effi-
ciency while reducing unnecessary or misdirected use. 
Yet, visit appropriateness is rarely evaluated — especially 
outside emergency care, where frameworks are more 
established.

These evaluations are also not straightforward. 
Retrospective judgments often lack insight into patient 
motivations or symptom progression. Tools focus on clin-
ical effectiveness but often overlook barriers, reassurance 
needs, and cost considerations.19 Even clinical ratings are 
subjective: Giannouchos et  al. found 40%–60% discor-
dance in ED triage when comparing discharge diagnoses 
with presenting complaints.20

Frameworks also tend to assume a single “correct” option, 
ignoring that multiple care paths may be reasonable. In 
practice, ambiguity, overlapping symptoms, and context 
shape behavior. Weekend visits were more often rated 
inappropriate than weekday visits; however, this pattern 
may also reflect reduced availability of primary care ser-
vices rather than patient preference alone. In our setting, 
in-person primary care services operate only on Saturdays 
until 1.00 p.m. and are unavailable from Saturday after-
noon through Sunday, during which time only primary care 
video consultations and the ED remain accessible. As a 
result, a visit that would be rated inappropriate during the 
week — when more service options are available — may be 
considered appropriate on weekends when no alternative 
in-person care is accessible. This nuance should be explic-
itly considered in future evaluations of appropriateness. At 
the same time, lower service availability may interact with 
factors such as convenience and perceived waiting times, 
which have previously been shown to influence care-seek-
ing behavior and sometimes outweigh clinical reasoning, 
echoing findings from Kraaijvanger et  al.21 Both mecha-
nisms represent plausible explanations for the observed 
weekend pattern.
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Multivariable analysis further contextualized these appro-
priateness patterns. In a logistic regression, the strongest 
predictor of appropriate real-world behavior was having 
an appropriate intention after the assessment (odds ratio, 
2.84; 95% CI, 1.55 to 5.34). Crucially, this postassess-
ment intention was recorded before any service options 
or booking pathways were presented, meaning it could 
only have been shaped by the structured information con-
tained in the symptom assessment itself. This suggests 
that the assessment process — including urgency framing, 
differential diagnosis, and explanatory content — contrib-
uted meaningfully to aligning users with appropriate care. 
Female sex was also associated with higher odds of appro-
priate behavior, whereas age, initial intention, and case-ad-
vice appropriateness were not independently predictive, 
highlighting that behavioral alignment may be driven more 
by how users interpret assessment outputs than by baseline 
characteristics.

Further insights come from experimental research outside 
clinical settings. In a randomized trial, Kopka et al. showed 
that laypeople using a DDSS improved triage accuracy 
(53.2% to 64.5%), tripled correct self-care recognition 
(13.1% to 36.9%), and increased emergency detection by 
29%, without raising undertriage.4 Users were also more 
likely to revise urgency (27% vs. 17% with a general-pur-
pose LLM), supporting ESSENCE’s behavioral findings.

Although few studies assess AI-supported decision-making 
before care is sought, ED-based evaluations exist. Taylor 
et  al. studied an AI triage tool across EDs in the United 
States, reporting better critical illness detection (78.8% 
to 83.1%) and faster care.10 Rather than binary labels, the 
study used downstream outcomes, such as critical care 
need and hospitalization, as proxies for quality.

STRENGTHS

The ESSENCE study is among the first prospective real-
world evaluations of DDSS integrated into a health care 
system to influence patient utilization. Its methodolog-
ical strength lies in combining self-reported intentions 
with objective follow-up data from EHRs and email sur-
veys with a high response rate, allowing robust triangula-
tion of planned versus actual behavior, which addresses a 
common limitation of digital health research. Conducted 
within Portugal’s largest private health care network, the 
study benefited from a large, heterogeneous user base 
spanning the full spectrum of care from self-management 
to specialist and emergency visits, and uniquely applied 
structured appropriateness criteria beyond emergency set-
tings. The rigorous prospective design, adherence to ISO 

14155:2020 good clinical practice guidelines, 1 year of 
data collection, and inclusion of diverse adult specialties 
enhance generalizability and provide a strong foundation 
for understanding the real-world impact DDSSs have on 
health care utilization.

LIMITATIONS

Inclusion in the study cohort required a second explicit 
consent step in which users chose to share their assess-
ment report with a CUF physician. Because this action is 
primarily relevant for individuals intending to seek CUF-
based care, it likely introduced an inclusion bias toward 
more care-seeking users. Consistent with this, the study 
cohort showed lower uncertainty, fewer self-care inten-
tions, and a higher proportion of primary care advice 
compared with the broader assessment population. In the 
wider DDSS user base (n=16,158), self-care intentions 
increased from 13.7% to 16.9% after the assessment, 
whereas in the study cohort, self-care remained substan-
tially lower (7.4% to 7.3%). Follow-up data were also 
uneven: Behavior could only be fully captured for users 
who engaged with CUF services through EHR linkage, 
whereas out-of-network care relied on voluntary email 
surveys, likely underreporting self-care and avoiding vis-
its. Reflecting these method differences, users with known 
behavior tended to receive higher-acuity advice and they 
expressed greater emergency care intention, whereas 
users with unknown behavior more often showed special-
ist or home management intentions.

Transportability of these findings to public or lower-re-
source health care systems requires caution. The study was 
conducted within a well-resourced private network with 
rapid access to primary and specialist care, low structural 
barriers, and digitally integrated booking pathways — con-
ditions that differ substantially from many public systems. 
In settings where primary care access is constrained and 
specialist care involves long delays, care-seeking behavior 
may shift differently.

Public systems often aim to increase safe self-management 
to reduce avoidable demand; whether similar shifts would 
emerge in contexts with different access barriers, waiting 
times, and cost structures remains uncertain. Further eval-
uation in public or lower-resource environments — where 
behavioral responses, service substitution, and appropri-
ateness thresholds may differ — is needed to assess the gen-
eralizability of these utilization patterns.

In addition, in this setting, ED visits are well captured, but 
private hospital admissions require a high up-front deposit, 
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leading many patients to seek inpatient care in the public 
sector, which is not linked to CUF’s EHR. As a result, down-
stream hospitalizations are systematically underascertained.

Demographic, intent, and DDSS advice data become avail-
able only once a user completes the symptom assessment. 
No information is collected at earlier attrition steps (e.g., 
invited→consented→started assessment), which limits the 
ability to compare users lost before assessment comple-
tion. Importantly, we had no data on which elements of the 
report users interacted with, including which conditions 
they opened in the app, or which service links they viewed 
or clicked. As a result, only the eventual care action (e.g., 
recorded CUF visit or self-reported behavior) could be eval-
uated, and we could not determine how exposure to specific 
report components shaped decisions.

In addition, appropriateness ratings were assessed using 
different methods by care level, and self-care decisions 
could not be evaluated because no clinical documentation 
was available for the 50 users who managed symptoms 
at home (6.9% of those with known behavior). Excluding 
these low-acuity cases — which would often be considered 
appropriate — likely introduces a downward bias, meaning 
that the reported appropriateness estimates may underesti-
mate true appropriateness across all settings.

A further limitation of this study is the absence of a control 
group. Without a comparator group, we cannot determine 
how much of the observed change in care intentions and 
behavior would have occurred naturally over the course 
of the illness, independent of the digital pathway. Illness 
severity, symptom progression, or external factors — such 
as service availability or social input — may influence deci-
sions even without any intervention.

Conclusion
The ESSENCE study provides real-world evidence that an 
AI-supported digital assessment pathway can contribute 
to more confident and appropriate patient decision-mak-
ing. By combining personalized symptom assessment with 
actionable service options, the integration reduced uncer-
tainty, shifted care intentions, and promoted more appro-
priate use — highlighting AI’s potential as a behavioral 
nudge within care pathways.

Importantly, AI’s impact extends beyond output accuracy 
to how information is structured, perceived, and acted 
upon. This underscores the need for user-centered design 
and thoughtful integration into health care systems.

Future work should prioritize expanding EHR linkage 
approaches to more accurately capture real-world behav-
ior, while also examining in greater depth which specific 
report elements, recommendations, service links, and 
contextual factors — such as service availability, symp-
tom evolution, or social input — drive behavior change. 
Complementary methods, including A/B testing to isolate 
the impact of individual components and user interviews 
to explore decision-making processes, will be valuable for 
identifying the mechanisms most responsible for influenc-
ing care-seeking actions. Broader evaluations in public and 
underserved settings are needed to assess generalizability, 
alongside health economics studies quantifying cost and 
system impact.

Data and statistical analysis governance: Statistical analy-
sis was conducted by author F.C. A detailed independent 
statistical review and audit was conducted by CUF (inde-
pendently of the DDSS developer and all coauthors affil-
iated with the developer) by the CUF Academic Center 
Team under the leadership of statistician S.D. and super-
vised by author P.F. Authors S.D. and P.F. had access to all 
raw data and all analyses and carried out an independent 
adjudication of all methods and analyses. These authors 
carried out additional independent analyses where they 
judged necessary and independently approved the final 
analyses and statistical reporting.
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