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Introduction

Abstract

Background. Genetic counseling and testing can identify individuals at elevated hereditary
cancer risk, but access remains uneven. Digital delivery may improve reach, yet disparities in
engagement and uptake may persist.

Purpose. This secondary analysis of the Broadening the Reach, Impact, and Delivery of
Genetic Services (BRIDGE) randomized controlled trial examined whether chatbot-based
versus standard-of-care pretest genetic counseling was associated with genetic test ordering
and whether associations differed by race/ethnicity or preferred language.

Methods. De-identified participant-level data from 3,073 adults randomized across two
United States health systems were analyzed. Test ordering was measured using electronic
health record data. Firth logistic regression estimated associations while addressing sparse
outcomes and quasi-complete separation in some engagement groups.

Results. In engagement-adjusted models, chatbot assignment was associated with lower
odds of ordering genetic tests than standard-of-care counseling. Across both pathways,
progression to a test-request stage was the strongest correlate of ordering. No clear evidence
indicated that modality associations differed by race/ethnicity or preferred language, although
smaller subgroup estimates were imprecise.

Conclusion. Digital counseling may expand access, but access alone may not ensure
completion of clinically meaningful care. Implementation should pair digital delivery with
supports that help patients move from information exposure to action.

Keywords: genetic counseling; chatbot; BRIDGE trial; genetic test ordering; Firth logistic
regression

counseling models. Existing studies suggest that automated

Advances in genetic testing have created important or chatbot-based counseling can be acceptable, usable,

opportunities to identify individuals at elevated risk for
hereditary cancers and to support earlier, more personalized
care. At the same time, access to cancer genetic services
remains uneven, particularly for populations affected by
social, structural, and geographic barriers [1,2]. This makes
access to genetic counseling not only a clinical issue but
also a service-delivery and health-equity issue, especially
when eligible individuals do not move far enough through
the pathway to receive testing.

Digital tools such as chatbots have emerged
as potential scalable alternatives to traditional pre-test

and efficient in some settings and may increase the reach of
cancer genetic services [3-5]. Related work on alternative
and remote delivery models has also shown that expanding
access does not automatically yield equivalent participation
or completion across settings, which makes downstream
implementation outcomes especially important to evaluate
[6-8]. However, available evidence also suggests that
digital delivery alone does not eliminate disparities in uptake
or follow-through. More broadly, telehealth-based genetic
counseling has shown outcomes often comparable to in-
person delivery across multiple domains, although diverse

48

McGill Journal of Global Health



MJGH

populations remain underrepresented in much of the
evidence base [9]. Also, hereditary cancer testing remains
underused despite its clinical and preventive relevance, and
barriers extend beyond patient education alone to include
structural, neighborhood, and workflow-related factors
[10,11]. In addition, a recent systematic review and meta-
analysis concluded that chatbot-based tools may help reduce
barriers to genetic cancer risk assessment and counseling,
but comparative-effectiveness data and evidence on
equitable access and follow-through remain limited [12,13].
Prior findings from the Broadening the Reach, Impact,
and Delivery of Genetic Services (BRIDGE) also reported
subgroup differences in service uptake, including disparities
by race, rurality, and social vulnerability, even when access
pathways were expanded [1-3]. These challenges are also
relevant beyond cancer genetics, as many health systems
are seeking ways to expand specialist services while
maintaining equitable follow-through.

The BRIDGE randomized controlled trial compared
chatbot-based pre-test genetic counseling with standard-
of-care counseling across two United States (U.S.) health
systems, the University of Utah Health system and New
York University (NYU) Langone Health [1,3,14]. Prior
BRIDGE publications showed that chatbot and standard-
of-care delivery models were comparable for broader
cancer genetic service outcomes, while also highlighting
important differences in utilization and engagement across
subgroups [2,3]. These studies established the relevance of
scalable delivery models, but they left open a more specific
implementation question: within this pathway, what predicts
whether eligible participants actually proceed to genetic test
ordering, and does that process differ across counseling
modalities and participant groups?

The present study addresses that gap. Rather than
retesting overall trial equivalence, this secondary analysis
focuses specifically on genetic test ordering as a proximal
implementation outcome and examines its relationship to
counseling modality, pathway engagement, and equity-
relevant characteristics. This framing adds to the existing
BRIDGE literature by shifting attention from overall service
completion to the mechanisms of follow-through within each
pathway, which may be more informative for health systems
considering whether and how to scale automated counseling
tools [2,3].

This study examined two questions. First, was
counseling modality associated with genetic test ordering?
Second, did that association vary by race/ethnicity, preferred
language, or clinical context? Exploratory arm-stratified
models were also used to examine whether pathway
engagement was associated with ordering within each

counseling modality.
Methods
Study design, data source, and analytic sample

This secondary analysis used de-identified participant-
level data from the BRIDGE randomized controlled trial,
archived through the Inter-university Consortium for Political
and Social Research (ICPSR Study No. 39256) [14]. The
parent trial enrolled 3,073 adults between 2020 and 2023
across two U.S. health systems, University of Utah Health
and NYU Langone Health. Eligible participants met National
Comprehensive Cancer Network (NCCN) criteria for cancer
genetic counseling and were randomized to chatbot-based
or standard-of-care (SOC) pre-test genetic counseling [2,3].

Acomplete-case analysis was used in this secondary
analysis. Observations missing the dependent variable
or key independent variables were excluded, yielding an
analytic sample of 3,063 participants. Because the dataset
was publicly available and de-identified, this study did not
involve recruiting new participants or direct contact with
participants.

Outcome, exposure, and covariates

The primary outcome was genetic test ordering, defined as
whether a participant had a documented genetic test order
in the electronic health record. This variable was coded
as binary, with 1 indicating that a test was ordered and 0
indicating that it was not.

The primary exposure was a randomized
assignment to counseling, coded as chatbot-based versus
SOC counseling. Several other variables were selected
to represent participant characteristics, care context,
and pathway progression. These included race/ethnicity,
preferred language, gender, age group, residence, study
site, primary care provider (PCP) status, and algorithm-
defined risk criteria (AlgoMet). Two pathway-specific
composite variables were also included to summarize
participants’ progress after randomization within each
counseling pathway. These measures were not treated as
baseline characteristics; rather, they were used as pathway
descriptors to show how far participants progressed before
or around the point at which test ordering could occur.

In the chatbot arm, Chatbot Engagement was
categorized as No Engagement, Unknown, Read Only,
Pretest Only, and Pretest + Requested. In the SOC arm,
genetic counseling (GC) status was categorized as
Unknown, No Engagement, Scheduled, and Scheduled +
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Requested. The highest categories in each pathway included
a documented request step and therefore occurred late in the
pathway, temporally close to the ordering outcome. For that
reason, these composite variables summarize progression
toward ordering rather than independent upstream predictors,
and categories that included a documented request were
expected to be closely linked to the outcome by design.

Reference categories and variable coding

All variables, whether text-based or categorical, were
recoded into analysis-ready binary or grouped-categorical
forms before modeling. The original ordering field was
converted into a numeric binary outcome. PCP status
and algorithm-defined eligibility criteria were recoded into
binary variables. Initially, Age was summarized descriptively
using the original dataset groupings and then collapsed
for regression modeling to improve interpretability and cell
stability. Categorical predictors were represented using
reference-cell coding for regression analyses.

To improve interpretability, the lowest-engagement
category was used as the reference group for pathway
progression variables. For example, for both Chatbot
Engagement and GC Status, No Engagement served as the
reference category (Table 1). For race/ethnicity, White was
used as the reference category because it was the largest

racial/ethnic group in the analytic dataset, which supported
more stable estimation and clearer comparison across
smaller groups. This was an analytic convention selected for
model stability and interpretability rather than a normative
standard. In the case of language, non-English served as
the reference category, so the English-language coefficient
reflected comparison with non-English speakers. Variable
definitions, coding decisions, and reference categories are
summarized in Table 1.

Descriptive and unadjusted analyses

Descriptive statistics were calculated to summarize the
analytic sample and major study variables. Frequency
distributions were used to describe the dependent variable,
counseling assignment, pathway engagement variables,
and participant characteristics.

Chi-square tests were then used to evaluate
unadjusted associations between genetic test ordering
and candidate predictors. Because counseling assignment
was randomized and pathway engagement variables
occurred later in care, the unadjusted assignment-ordering
association is presented separately from the engagement-
adjusted multivariable models.

Table 1. Variable coding with reference categories

Variable/ Construct Role Coding Reference
Genetic test ordering Outcome 0=No, 1=Yes —
Counseling assignment | Exposure Chatbot, SOC SOC

Chatbot engagement

Pathway variable

No Engagement, Read Only, Pretest Only, Pretest + Requested, Unknown

No Engagement

GC status

Pathway variable

No Engagement, Scheduled, Scheduled + Requested, Unknown

No Engagement

Race/ethnicity Covariate / modifier White, Black, Latine, Other, Missing White
Preferred language Covariate / modifier English, non-English non-English
Gender Covariate Female, Male Female
Age group Covariate 25-44, 45-60, Other Other
Residence Covariate Urban, Rural Urban
Study site Covariate / interaction | Utah, NYU Utah

PCP status Covariate / interaction | No PCP, Has PCP No PCP

Algorithm-defined
criteria

Covariate / interaction

One criterion, Multiple criteria

One criterion

*SOC = standard of care; PCP = primary care provider; NCCN = National Comprehensive Cancer Network; NYU = New York University Langone Health;

Genetic Counseling = GC. Composite pathway variables were included to capture participant progression after randomization within each counseling
pathway; categories that include a documented request represent late-stage pathway behavior rather than baseline characteristics. Full operational
definitions and detailed coding decisions are provided in Supplementary Table S1.
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Multivariable modeling strategy

Multivariable logistic regression models were estimated
using Firth penalized likelihood because some subgroups
were small and some cells were sparse, which could
otherwise lead to unstable estimates [15—17]. This method
was appropriate because some engagement categories
were strongly associated with genetic test ordering, which
can produce unstable estimates under ordinary logistic
regression. All models were estimated in SAS (Statistical
Analysis System) using PROC LOGISTIC with the FIRTH
option, and exponentiated coefficients are reported as odds
ratios with 95% confidence intervals.

Model building followed a prespecified sequence
aligned with the study aims. The fixed-effect and interaction
models included counseling assignment, participant
characteristics, contextual factors, and the pathway
composite variables. These full-sample models were
intended to describe conditional associations between
assignment, pathway progression, and genetic test ordering.
They were not interpreted as total intent-to-treat effects of
randomized assignment, because Chatbot Engagement and
GC Status occurred after randomization and could function
as mediators or pathway descriptors. Conditioning on these
post-randomization variables changes the estimand and
may also introduce collider bias.

Let Y_i = 1 if participant j had a genetic test ordered
and Y_i = 0 otherwise. Let p_i = P[Y_i = 1]. All models used
the logit link:

logit[p;] = log (1%)

i

Model building followed a prespecified sequence aligned
with the study aims.

Model 1: Fixed-effect model

The first model estimated the conditional association
between counseling assignment and genetic test ordering
after adjustment for participant characteristics, contextual
factors, and pathway engagement variables:

K
logit[p;] = B, + B;Chatbot; + Z
k=1

B Xi

where Chatbot_i indicates assignment to chatbot-based
counseling and X_ki denotes the set of prespecified covar-
iates.

Model 2: Interaction-effect model

The second model tested whether the conditional associa-
tion between counseling assignment and genetic test order-
ing differed by PCP status, algorithm-defined risk criteria,
and study site:

logit[p;] = By + B1Chatbot; + ;HasPCP; + p;AlgoMet, +

- B4Site; + Bs[Chatbot; x HasPCP;] + s[Chatbot; x AlgoMet,]

K
+ B, [Chatbot; x Site;] + Z Bie X
k=1
In this model, the main chatbot coefficient represents the
chatbot-versus-SOC association within the reference stra-
tum.

Model 3: Chatbot-arm model

The third model was estimated only among participants as-
signed to chatbot-based counseling and examined whether
Chatbot Engagement predicted genetic test ordering within
that subgroup:

K M
logit[p;] = ag + ) ar Xii + A ChatbotEngagement,
Model 4: SOC-arm model
The fourth model was estimated only among participants as-
signed to SOC counseling and examined whether GC Status
predicted genetic test ordering within that subgroup:

K M
logit[p;] = & + Z @ X + Z A,, GCStatus; ,

k=1 m=1
Reduced and demographic models
In addition to the four primary Firth logistic regression mod-
els, a reduced model was estimated to provide a more par-
simonious summary of predictors while retaining counseling
assignment as the primary exposure. A separate demograph-
ic model was also estimated to assess whether demographic
and equity-related variables remain associated with genetic
test ordering when interactions between condition assign-
ment and race/ethnicity or language were examined.

Model evaluation and comparative fit

Because residual and influence diagnostics are less informa-
tive under penalized likelihood estimation, model evaluation
emphasized comparative fit and interpretability rather than
conventional residual-based diagnostics [15-17]. All mod-
el fits were compared using the Akaike information criteri-
on (AIC), -2 log-likelihood, the Schwarz criterion/Bayesian
information criterion (SC/BIC), and the likelihood ratio chi-
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square statistic.

These indices were used to compare the relative ex-
planatory performance of the fixed-effect, interaction-effect,
chatbot-arm, and SOC-arm models, as well as the reduced
and demographic models. The interaction model was treated
as the strongest full-sample model for interpretation because
it showed the best comparative fit among the full models,
whereas the chatbot-arm and SOC-arm models were inter-
preted as within-arm models rather than directly generaliza-
ble full-sample models. In the supplementary document, for-
est plots and diagnostic plots referenced in the manuscript
are provided to support transparency, model interpretation,
and diagnostic evaluation.

Results

The association of counseling arms with genetic test order-
ing was examined, as well as whether this association varied
across clinical/contextual factors and equity-related charac-
teristics. Results are presented in the sequential order: de-
scriptive sample characteristics, unadjusted associations,
multivariable Firth logistic regression results, and a compar-
ison of model fit.

Sample characteristics

The complete case analytic dataset included 3,063 partic-
ipants. Participants were nearly evenly distributed across
counseling arms, with 1,551 (50.64%) assigned to the chat-
bot arm and 1,512 (49.36%) assigned to the SOC arm.

Genetic testing was ordered for 508 participants
(16.59%), whereas 2,555 (83.41%) did not have a doc-
umented genetic test order. The analytic sample was pre-
dominantly female (72.74%), White (68.27%), and Eng-
lish-speaking (98.73%). Most participants resided in urban
areas (96.38%), and representation across study sites was
relatively balanced, with 1,624 participants (53.02%) from
NYU and 1,439 (46.98%) from Utah. Most participants had
a primary care provider (76.85%) and met only one NCCN
eligibility criterion (93.47%).

Pathway engagement differed across the two service
models. In the chatbot pathway, 36.96% of participants were
classified as No Engagement, 20.18% as Read Only, 4.96%
as Pretest Only, and 6.92% as Pretest + Requested; 30.98%
were categorized as Unknown. In the SOC pathway, 39.11%
were classified as No Engagement, 3.40% as Scheduled,
and 6.86% as Scheduled + Requested, while 50.64% were
categorized as Unknown. Overall, these descriptive findings
suggest that in both pathways, many participants did not pro-
gress to the highest action-oriented stages before test order-

ing.

Table 2. Frequency distribution of key variables in the
BRIDGE dataset

Variable Category Frequency | Percent
CONDITION_ | Chatbot 1551 50.64
ASSIGNED
SOC 1512 49.36
CHATBOT_ No Engagement 1132 36.96
Unknown 949 30.98
Read Only 618 20.18
Pretest + Requested 212 6.92
Pretest Only 152 4.96
GC_STATUS4 | Unknown 1551 50.64
No Engagement 1198 39.11
Scheduled + Requested 210 6.86
Scheduled 104 3.40
ORDERED_ Ordered = No (0) 2555 83.41
NUM
Ordered = Yes (1) 508 16.59
Gender Gender (0 = Female) 2228 72.74
Gender (1 = Male) 828 27.03
RACE White 2091 68.27
Latine 317 10.35
Black 203 6.63
Other 130 4.24
AGE_GROUP | 25-39 1210 39.50
40-49 884 28.86
50-60 811 26.48
Other 158 5.16
LANGUAGE English 3024 98.73
non-English 39 1.27
RESIDENCE | Urban 2952 96.38
Rural 111 3.62
STUDY_SITE | NYU 1624 53.02
Utah 1439 46.98
has_pcp Has PCP (1 = Yes) 2354 76.85
Has PCP (0 = No) 708 23.11
algo_mult One NCCN Criteria (0 = 2863 93.47
one)
Multiple NCCN Criteria (1 = | 200 6.53
Multiple)
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Unadjusted associations with genetic test ordering

Chi-square analyses were used to assess unadjusted as-
sociations between candidate predictors and genetic test
ordering. Among all the variables, five were significantly as-
sociated with the outcome at the bivariate level: counseling
assignment (p = 0.0185), Chatbot Engagement (p < .0001),
GC Status (p < .0001), PCP status (p = 0.0016), and the
study site (p = 0.0004).

These findings indicate that both the intervention
arm and the degree of pathway engagement were associ-
ated with participants’ proceeding to genetic testing before
multivariable adjustment. Because these bivariate compar-
isons do not condition on post-randomization engagement
variables, they are distinct from the conditional models re-
ported below.

Table 3. Significant chi-square associations with
genetic test ordering

Interaction terms Statistic DF Prob
CONDITION_ASSIGNED * Chi-Square 1 0.0185
ORDERED_NUM

CHATBOT_ENGAGEMENT * | Chi-Square 4 <.0001
ORDERED_NUM

GC_STATUS4 * ORDERED_ | Chi-Square 3 <.0001
NUM

has_pcp_clean * ORDERED_ | Chi-Square 1 0.0016
NUM

Multivariable Firth logistic regression analysis

Firth logistic regression models were used in a multivariable
analysis to examine whether counseling arm, pathway en-
gagement, and participant- or contextual-level factors were
associated with genetic test ordering. Table 4 reports odds
ratios with 95% confidence intervals.

In the fixed-effect model (Table 4), assignment to the
chatbot arm was associated with significantly lower odds,
measured through odds ratios (OR), of ordering a genetic
test compared with SOC (OR = 0.291, 95% CI, 0.18-0.48).
In both pathways, the highest engagement categories, which
included a documented request step, showed extremely
large odds ratios because they were structurally close to the
outcome. By contrast, lower chatbot engagement categories
were associated with lower odds of ordering, including Read
Only (OR, 0.06; 95% CI, 0.01-0.29) and Unknown (OR,
0.006; 95% CI, <0.001-0.09). Participants with a PCP also
had higher odds of ordering (OR, 2.83; 95% ClI, 1.51-5.32).

In the interaction-effect model, two interaction terms
were statistically significant: Condition Assigned x Study Site
(OR, 0.09; 95% Cl, 0.03-0.30) and Condition Assigned x Al-
goMult (OR, 4.95; 95% ClI, 1.00-24.48). However, the Con-
dition Assigned x Has PCP interaction was not statistically

significant. These findings suggest that the conditional as-
sociation between counseling modality and ordering differed
across study sites and by whether participants met one ver-
sus multiple NCCN criteria.

In the chatbot-arm model, Pretest + Requested was
again associated with a very large odds ratio, reflecting its
late-stage proximity to the outcome. Read Only remained
negatively associated with ordering (OR, 0.06; 95% CI,
0.01-0.25). Within the chatbot arm, meeting multiple NCCN
criteria was positively associated with ordering (OR, 4.97;
95% Cl, 1.62-15.20), whereas receiving care at NYU rather
than Utah was associated with lower odds of ordering (OR,
0.10; 95% CI, 0.03-0.30). In the SOC-arm model, Scheduled
+ Requested was again associated with a very large odds
ratio because it included a documented request step. Hav-
ing a PCP (OR, 2.23; 95% CI, 1.05-4.73) and male gender
(OR, 1.71; 95% Cl, 1.03-2.83) were associated with higher
odds of ordering.

In the reduced model, the main counseling-assign-
ment finding was preserved (OR, 0.29; 95% CI, 0.17-0.48).
In the demographic model, the main effect of chatbot as-
signment was not statistically significant, and none of the
interaction terms between counseling assignment and race/
ethnicity or preferred language were statistically significant.
Overall, the most consistent finding across models was that
progression to a documented request stage within either
counseling arm was most closely associated with ordering;
these very large estimates reflect pathway structure and
should not be interpreted as independent or directly compa-
rable effect sizes.

Comparative model fit

Comparative model fit statistics are presented in Table
5. Among the full-sample models, the interaction model
showed the strongest overall fit, with the lowest AIC (564.4)
and lowest -2 Log L (518.4). The fixed-effect model also
demonstrated good fit (AIC = 582.6; -2 Log L = 542.6). The
reduced model was more parsimonious but showed a slight-
ly poorer fit (AIC = 592.7; -2 Log L = 572.7), indicating a
slight loss of explanatory power relative to the fuller models.
The chatbot-arm and SOC-arm models both showed strong
fit within their respective subgroups but were interpreted only
within their arms and were not treated as directly compara-
ble to the full-sample models because they were estimated
on different denominators. The demographic model showed
fit comparable to the full model but had a higher SC/BIC,
suggesting less favorable performance after accounting for
model complexity. Taken together, these statistics support
the use of the interaction model as the primary full-sample
model for interpretation, while the arm-specific models pro-
vide complementary within-pathway insights.
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Table 4. Firth logistic regression models predicting genetic test ordering, OR (95% CI)

1.16)

Effect Fixed-effect Interaction- Chatbot-arm SOC-arm model | Reduced Demographic
model effect model model model model

Condition assigned Chatbot 0.29 (0.18— 0.98 (0.29-3.31) | — - 0.28 (0.17— 0.67 (0.04-11.5)

vs SOC 0.48)*** 0.48)F**

GC status Scheduled vs No 5.58 (0.13— 5.97(0.14—257.9) | - 0.09 (0.006-1.27) | 5.66 (0.11— 5.72 (0.14—

Engag€ment 243.7) 284.9) 240.6)

GC status Scheduled >999.999 (22.36— | >999.999 (22.66— | — >999.999 (79.61— | >999.999 >999.999 (69.69-

+ Requested vs No 44729.58)*** 44128.73)*** 12560.48)* (20.08— 14348.41)***

Engagement 49811.16)***

Chatbot engagement >999.999 (63.79— | >999.999 (58.48— | >999.999 (65.71— | — >999.999 >999.999 (69.69—

Pretest + Requested vs No 15677.57)*** 17099.67)*** 15217.39)*** (60.88— 14348.41)***

Engagement 16426.22)**

Chatbot engagement Pretest | 0.09 (0.006— 0.09 (0.006-1.28) | 0.07 (0.005-1.00) | — 0.08 (0.005— 0.09 (0.006—

Only vs No Engagement 1.33) 1.31)*** 1.24)**

Chatbot engagement Read 0.06 (0.01- 0.06 (0.01- 0.06 (0.01-0.25)*** | — 0.06 (0.01— 0.06 (0.01—

Only vs No Engagement 0.29)*** 0.29)*** 0.30)*** 0.28)***

Chatbot engagement 0.006 (<0.001— 0.006 (<0.001— 0.43 (0.02-10.0) - 0.005 (<0.001— | 0.006 (<0.001—

Unknown vs No Engagement | 0.09)*** 0.09)™* 0.08)*** 0.08)***

Has PCP clean 1 vs 0 2.83 (1.51- 2.83 (1.51- 2.67 (0.96-7.42) 2.23 (1.05-4.73)* | 3.12 (1.66— 2.87 (1.54—
5.32)** 5.30)** 5.87)*** 5.37)***

Gender 1 vs 0 1.47 (0.92-2.33) | 1.47 (0.92-2.33) | 1.12(0.44-2.84) 1.71 (1.03-2.83)* | 0.74 (0.48- 1.45 (0.91-2.30)

Algo_mult 1 vs 0

1.44 (0.64-3.24)

1.44 (0.64-3.23)

4.97 (1.62-15.2)**

0.89 (0.30-2.63)

1.42 (0.63-3.17)

Race Black vs White

1.24 (0.48-3.18)

1.24 (0.48-3.17)

4.17 (0.92-19.0)

0.85 (0.27-2.64)

0.99 (0.43-2.29)

Race Latine vs White

1.20 (0.59-2.43)

1.20 (0.59-2.43)

1.03 (0.27-3.96)

1.35 (0.60-3.05)

1.19 (0.58-2.46)

Race Other vs White

1.69 (0.60-4.71)

1.69 (0.60-4.70)

0.79 (0.04-14.1)

1.69 (0.61-4.68)

2.39 (1.48-3.86)

Study site NYU vs Utah

0.62 (0.38-1.00)

0.62 (0.39-1.00)

0.10 (0.03-0.30)***

1.33 (0.76-2.32)

0.64 (0.29-1.42)

Age group 2544 vs Other

0.55 (0.25-1.21)

0.55 (0.25-1.21)

1.48 (0.25-8.68)

0.45 (0.20-1.02)

0.52 (0.22-1.23)

Age group 45-60 vs Other

0.61 (0.26—1.44)

0.61 (0.26-1.43)

0.86 (0.13-5.79)

0.49 (0.20-1.19)

0.58 (0.08-4.19)

Language English vs non-
English

0.41 (0.10-1.76)

0.41 (0.10-1.76)

0.25 (0.03-2.28)

0.62 (0.10-3.66)

Residence Rural vs Urban

1.03 (0.28-3.84)

1.03 (0.28-3.81)

2.06 (0.54-7.85)

0.22 (0.01-4.26)

1.02 (0.28-3.78)

CONDITION_ASSIGNED x
STUDY SITE

0.09 (0.03—
0-30)***

CONDITION_ASSIGNED x
has_pcp

0.62 (0.17-2.24)

CONDITION_ASSIGNED x
algo_mult

4.95 (1.00-24.5)"

CONDITION x Black

1.50 (0.25-8.89)

CONDITION x Latine

0.85 (0.19-3.85)

CONDITION x Other

0.39 (0.02-8.05)

CONDITION x English

0.16 (0.010—
2.71)

Exponentiated odds ratios are reported as OR (95% Cl). Confidence intervals are Wald intervals. For very large request-stage estimates, the displayed
odds ratio was truncated at >999.999 in the exported output, so the confidence bounds were derived from the reported odds ratio and log-scale standard
error. These very large estimates should be interpreted as evidence of strong pathway dependence rather than as precise effect sizes. * p < .05, ** p <
.01, ** p <.001, p = “.” indicates moderate significance.
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Table 5. Summary comparison of model fit statistics
across Firth logistic regression models

Model AIC |[SC(BIC) [-2LogL |LRx? Fit Summary
Fixed Effect | 582.6 | 703.0 542.6 2128.4 | Good fit and
strong expla-
natory power
Interaction | 564.4 | 702.9 518.4 2144.6 | Best overall
fit (lowest AIC
and -2 Log L)
Chatbot 186.0 | 276.9 152.1 1111.8 | Best fit within
Arm subgroup; not
generalizable
SOC Arm 485.6 | 565.4 455.6 925.1 Strong wit-
hin-arm model
Reduced 592.7 | 653.0 572.7 2139.9 | Parsimonious
Model but slightly
poorer fit
Demogra- 588.8 | 739.4 538.8 2124.1 | Comparable fit
phic Model to full model,
but higher SC

Interpretation of extreme odds ratio

Several odds ratios were reported as greater than 999.999.
These values occurred because some pathway engage-
ment categories, particularly those involving a documented
test request, were nearly deterministic for genetic test or-
dering. Even with Firth penalized likelihood, categories that
almost fully predict the outcome can yield extremely large
exponentiated odds ratios and very wide or uninformative
confidence bounds. These estimates, therefore, indicate
strong pathway dependence and close structural proximity
to the outcome rather than precise, independently interpret-
able effect sizes.

Forest plots (Fig S1-S3) and diagnostic plots (Fig
S4-S5) referenced in the manuscript are provided in the
supplementary material to support transparency, model in-
terpretation, and the diagnostic evaluation of the regression
analyses.

Discussion

This secondary analysis found that genetic test ordering
differed by counseling modality in engagement-adjusted
models, with lower odds of ordering among participants
assigned to chatbot-based counseling than among
those assigned to standard-of-care counseling. These
estimates should be interpreted as conditional pathway-
dependent associations rather than total causal effects of
randomized assignment, because the models included
post-randomization engagement variables. At the same
time, the strongest associations with ordering in both arms
were observed among participants who progressed to the
highest engagement categories involving a documented

test request. Taken together, these findings suggest that
the key implementation challenge is not simply whether
digital counseling can deliver information, but whether it can
support participants in moving from information exposure
to a concrete action within the care pathway [18-25]. This
interpretation also has broader global-health relevance.
In high-income settings, technology-enabled genetic
service models may improve convenience, reduce travel
burden, and expand reach, but the evidence base has
often underrepresented diverse populations and has not
consistently addressed equitable follow-through [9,12]. In
lower-resource settings, digital tools may help extend limited
genetics capacity, but equitable implementation is also
likely to depend on workforce availability, referral pathways,
affordability, and culturally appropriate delivery systems
[10,26].

This interpretation adds a more focused perspective
to the existing BRIDGE literature. Earlier BRIDGE
publications showed that alternative delivery models for
cancer genetic services could broaden access and that
chatbot-based versus standard-of-care pathways could
produce comparable uptake for broader service outcomes,
while also revealing disparities related to race, rurality, and
social vulnerability [1-3]. The present analysis adds to that
literature by focusing specifically on genetic test ordering
as a proximal behavioral and implementation outcome. In
this sense, the current paper is less about whether chatbot
delivery is broadly acceptable and more about where
pathway progression appears to strengthen or weaken
across delivery models.

These findings indicate that expanding access
alone may not be enough to produce equitable uptake of
genetic services. Earlier BRIDGE-related work showed
lower utilization among socially vulnerable participants,
and other chatbot-based studies have also shown that
acceptability and usability do not automatically translate
into uniform follow-through across all groups [2,4,5]. In this
study, participants who only read information or completed
pre-test content without reaching the action stage had much
lower predicted likelihoods of ordering a test, whereas those
who reached a documented request stage showed near-
deterministic ordering. This pattern indicates that the largest
drop-off may occur not at the point of eligibility, but between
receiving counseling content and taking the next concrete
step.

No clear evidence was found that the association
between counseling modality and ordering differed by
race/ethnicity or preferred language. However, that finding
should be interpreted cautiously. The analytic sample was
overwhelmingly English-speaking and estimates for smaller
racial/ethnic and non-English subgroups were imprecise. As
a result, the lack of statistically significant interaction terms
should not be taken to mean that equity concerns have been
resolved. Instead, these findings are likely to reflect limited
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power to detect some subgroup differences and reinforce
the need for future studies with more diverse populations
and multilingual settings [2]. That need is reinforced by
recent work showing that neighborhood disadvantage and
underserved clinical contexts continue to shape who reaches
and completes cancer genetic services, even when eligibility
can be identified through scalable screening approaches
[11,27].

Differences across clinical settings were also
apparent. The significant interaction terms for study
site and algorithm-defined risk criteria indicate that the
relationship between counseling modality and ordering
was not identical across settings or risk strata. This matters
for implementation because digital counseling tools
operate within real clinical systems that differ in workflow,
referral patterns, navigation support, and local practice
environments. This interpretation is supported by studies
showing that workflow design, risk-assessment strategy, and
integration of genetics services into primary care or specialty
pathways can substantially affect whether patients move
from identification to completed testing [8,28]. For example,
a well-resourced academic cancer center with embedded
genetic counselors, streamlined electronic referrals, and
on-site sample collection may support faster progression
from counseling to test ordering than a safety-net, rural, or
resource-constrained system that relies on fewer genetics
personnel, external referrals, or home-based sample return.
As a result, a model that appears effective in one clinical
system may not produce the same level of follow-through in
another [29,30].

The extreme odds ratios observed in the highest
engagement categories should also be interpreted with
caution. These estimates occurred because participants in
some engagement groups were almost certain to order a
test, leading to quasi-complete separation. Firth penalized
likelihood regression was an appropriate method for this
setting because it reduces small-sample bias and improves
numerical stability under separation, but it does not force
such estimates into narrow finite bounds when prediction is
nearly deterministic [15-17]. For that reason, these extreme
odds ratios are more informative as an indication of strong
pathway dependence than as precise effect-size estimates.

Implications for practice and implementation

These findings have practical implications for cancer
genetics programs and health systems considering digital
counseling pathways. Automated counseling tools should
not be evaluated solely on reach, satisfaction, or information
delivery. They should also be assessed according to whether
participants move through key action steps, including test
requests and test ordering. The findings here suggest that
digital models may benefit from added supports such as
follow-up prompts, navigation assistance, or rapid transition

to human counseling when participants stall before the action
stage. This interpretation is consistent with earlier BRIDGE
work showing that service uptake remains socially patterned
even when alternative delivery models are introduced [1-3].

The study also contributes to the literature on
artificial intelligence-enabled and chatbot-enabled service
delivery by showing that behavioral progression within the
care pathway may be more informative than assignment
alone. Studies by Siglen et al. (2023) and Al-Hilli et al.
(2023) support the feasibility and acceptability of chatbot or
artificial intelligence-based counseling approaches, but the
present results suggest that implementation success should
also be judged by whether these approaches produce
meaningful follow-through in practice. This interpretation
is also consistent with broader service-delivery research
showing that alternative counseling models can achieve
comparable knowledge or satisfaction outcomes while still
facing challenges in testing completion and downstream
implementation, particularly in underserved populations
[9,31]. Remote and digital models can expand reach, but
outcomes still vary according to workflow design, patient
population, and the level of implementation support built into
the pathway [6,7,32]. In addition, interventions designed to
improve uptake of cancer-related genomic services in Latino
communities remain limited, reinforcing the importance of
evaluating digital counseling not only for feasibility, but also
for equitable completion across diverse populations [33]. For
this reason, the current findings may be useful to programs
interested in scaling digital genetic services while maintaining
attention to equity and completion. These findings may also
be relevant to other areas of healthcare where digital tools
are used to extend access to specialist services, because
the main challenge is often not initial contact but whether
patients move far enough through the pathway to complete
the next meaningful step.

Future directions

Future research should evaluate whether navigation-
enhanced or hybrid counseling models improve follow-
through among participants who start but do not complete
the pathway to test ordering. Future studies may also benefit
from implementation-science frameworks that distinguish
reach from adoption, completion, and sustainability, because
these dimensions are especially relevant when digital
genetics services are introduced across diverse health-
system contexts [34]. Additional research is also required
in more diverse and multilingual populations to determine
whether digital counseling models perform similarly across
social and linguistic contexts. These next steps would help
clarify whether scalable digital counseling can improve not
only access, but also equitable completion of recommended
clinical pathways.
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Conclusion

In this BRIDGE trial secondary analysis, genetic test ordering
differed across counseling modalities in models adjusted
for covariates and engagement measures, with lower odds
of ordering in the chatbot arm than in the standard-of-care
counseling arm. These estimates should be interpreted as
conditional, pathway-dependent associations rather than
total effects of randomized assignment. The magnitude of
this conditional association varied by clinical and contextual
factors, specifically study site and algorithm-defined risk
criteria, but no evidence of effect modification by race/
ethnicity or preferred language was detected. Across both
modalities, engagement progression, particularly reaching a
documented test-request stage, was most closely associated
with test ordering.

Overall, these outcomes suggest that scalable
digital counseling models may improve access to cancer
genetic services, but access alone is not sufficient to ensure
follow-through. For health systems seeking to expand
equitable delivery of genetic services, the more important
question may be not only whether patients are reached, but
whether the care pathway supports them in moving from
information exposure to meaningful action. This message
may also extend beyond cancer genetics to other settings
in which digital tools are used to expand access to specialist
care.

Limitations

Several limitations should be acknowledged. First, quasi-
complete separation in engagement strata (particularly
the test-request categories) produced extremely large
odds ratios; these reflect pathway structure and sparse
subgroup counts rather than precise effect sizes. Second,
the analytic dataset was derived via complete-case
analysis, and the “Unknown” engagement categories may
capture heterogeneous reasons for missingness, which
can influence estimates. Third, engagement variables
are downstream of randomization; therefore, models
including engagement composites should be interpreted as
explanatory associations conditional on pathway behavior
rather than as total randomized effects. These models may
reflect mediation and may also be influenced by structural
dependence or collider bias. Finally, estimates for non-
English speakers and smaller racial/ethnic subgroups were
imprecise due to limited counts, which reduced power to
detect moderation by race/ethnicity or language.
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