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Abstract

A central obstacle to scaling many interventions is implementer quality: as a program
expands and the pool of implementers broadens, average quality falls. Conversation-based
interventions (counseling, mentoring) are particularly sensitive to this constraint. LLMs
offer a natural way out: personalized exchanges at zero marginal cost and uniform quality.
We run a nationwide experiment in Chile (N~242,000) designed to reduce teacher shortages
by increasing applications to education majors. We compare an Al chatbot, Kai, with
trained human counselors, both reaching high school seniors via WhatsApp. Among
students with baseline interest in education (the intervention’s target), Kai significantly
increases first-ranked education majors and the share of education majors in students’
choice sets; estimates in the human arm are smaller and not significant. Although the
best human counselors are highly effective, Kai matches or outperforms roughly two-
thirds of them. Its main advantage lies in what has been called “controlled variance”: it
compresses the dispersion in quality observed across human implementers. Finally, text
analysis reveals different interaction patterns across arms. Kai is notably faster (and thus
conversations are more dynamic), it concentrates on factual content and scores higher
on semantic coherence, while counselors score substantially higher on motivational and
empathetic language.

Keywords: teachers, teacher shortages, scale-up, behavioral interventions, Al chatbots,
generative Al.
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1 Introduction

Decades of experimental evidence show that well-designed behavioral interventions can mean-
ingfully shift individual decisions, yet their effectiveness depends critically on the quality of
those who implement them (Davis et al., 2017; Vivalt, 2020). High-quality implementers are
scarce: as programs scale, the implementer pool broadens and average quality falls (Al-Ubaydli
et al., 2017b, 2020), a key explanation for why promising programs often fail to replicate at
scale (Kraft et al., 2018).

A large share of high-impact behavioral interventions is conversation-based (counseling ses-
sions, peer mentoring, and direct messaging platforms), which makes them particularly sensitive
to implementer quality and therefore especially vulnerable to fade-out at scale (Crépon et al.,
2013; Blattman et al., 2017; Carrell and Sacerdote, 2017). Generative Al offers a potential
solution when such interventions are delivered through digital platforms, an increasingly com-
mon mode of delivery (Ajzenman et al., 2026). Large language models can deliver personalized
conversations of uniform quality, at almost zero marginal cost, eliminating the variation in
implementer quality that emerges as human-staffed programs expand. Whether Al can substi-
tute for the interpersonal qualities thought to underpin the effectiveness of these interventions,
however, is an open empirical question. We address this question using a nationwide field exper-
iment in Chile designed to motivate high school seniors toward teaching careers, comparing two
delivery arms: one staffed by trained human counselors, the other by an Al-powered chatbot.

We find that the AI chatbot is at least as effective as trained human counselors at shifting
students’ college-application choices (at a fraction of the cost), providing evidence that Al
can relax the implementer-quality constraint that limits the scale-up of conversation-based
interventions. Moreover, beyond the fact that Al’s average performance seems to be at least as
good that of the average human counselor, a great advantage is that it homogenizes the quality
of delivery across interactions, eliminating the quality heterogeneity observed among human
implementers.

The program lasted 10 weeks and contacted more than 41,000 students. Students in the
human arm chatted on WhatsApp with trained counselors. Students in the Al arm received
the same content from Kai, a WhatsApp chatbot built on GPT-40 mini that can hold open-
ended, personalized conversations. Kai was trained on the materials used to prepare the human
counselors, and its prompts were adjusted over several rounds of pilot testing until its style was
close to theirs. The scripts and training material draw on behavioral insights emphasizing
motivational factors (intrinsic and extrinsic), alongside objective information about the college
application process and teaching careers in Chile. Elige Educar, a Chilean NGO co-leading
the implementation, designed the scripts, content, and style to be as similar as possible across
arms. The intervention was timed to coincide with the Chilean college application cycle. In

Chile, university admission is centralized. Students submit a ranked list of up to ten university-



major combinations, and admission depends on a weighted average of their high school GPA
and their scores on the national entrance exam (PAES). The treatment took place in the weeks
just before students submitted these lists. Students in both arms were recruited in the same
way and consented to be contacted without knowing which arm they were in, although the first
message told them whether they would be talking to a human counselor or to an Al chatbot.

We document several results. Among students with baseline interest in teaching — the
program’s intended target — those assigned to the Al chatbot arm were 1.4 percentage points
more likely to list an education major as their first choice (control mean: 26.1%) and had
a 1.1 pp higher share of education majors in their choice set (control mean: 24.4%), both
significant at the 5% level. We find no effect among students without baseline interest in
education, consistent with the program’s targeting logic. The human counseling arm produced
smaller and statistically insignificant effects. Among students interested in education careers,
the human arm increased the probability of listing an education major as their first choice by
1.1 pp (insignificant at conventional levels). The human arm’s effect on the share of education
majors in the choice set was similarly insignificant, with a point estimate roughly half that of the
AT chatbot. The chatbot arm had a larger sample size, which raises the question of whether the
human arm’s null result reflects limited power rather than a true zero effect. Although possible,
this seems unlikely to drive the null: given the human arm’s very large sample size (4,670
effectively treated students plus 7,781 controls, considering only those interested in education),
the design was powered to detect even small effects at conventional significance levels (including
the point estimate of the kai effect). In any case, a cautious interpretation would be that the
chatbot performed at least as well as the human arm.!

Interestingly, the average performance of humans and Kai masks substantial heterogeneity.
As Figure 1 shows, the best human counselors are highly effective: the proportion of students
who ranked an education major first is similar to or higher than under Kai for more than a third
of the counselors. Kai’s average performance is above that of the average human counselor,
but its main advantage is that it provides what Jabarian and Henkel (2026) call “controlled
variance,” homogenizing quality across interactions and thus eliminating the wide dispersion
observed among human implementers.

We then turn to mechanisms. Although for privacy reasons we cannot link individual con-
versations to student-level outcomes, we analyze the content and dynamics of student-counselor
exchanges in each arm to understand how Al and human counselors differ in engagement. Draw-
ing on recent methodological advances in the analysis of conversational transcripts (Jabarian

and Henkel, 2026), we use text-analysis techniques to study several features of these exchanges.

!Effects on enrollment in an education program are not significant for the chatbot arm and marginally signif-
icant for the human arm (and insignificant after correcting for multiple hypotheses). We interpret these results
with special caution, since SUTVA does not hold for this outcome: treated students’ decisions affect control
students’ allocation through the centralized assignment mechanism, which precludes a causal interpretation of
treatment effects on enrollment (see Karnani, 2024).



We begin our analysis by showing that, conditional on a conversation starting, conversations
with human counselors contain a greater total number of messages than conversations with the
chatbot (8 versus 7), a pattern that admits two competing interpretations: longer exchanges
may reflect deeper engagement with human counselors, or, alternatively, less efficient informa-
tion delivery, with the chatbot resolving the student’s query in fewer turns rather than the
student disengaging. To distinguish between them, we compare the breadth of conversations
across arms: despite exchanging substantially fewer messages per user, the chatbot covers all
18 subtopics that human counselors address and matches or exceeds human coverage in 11 of
them, which we interpret as evidence that shorter chatbot conversations reflect more efficient
information delivery rather than disengagement.

Although the thematic coverage is similar in breadth, the topics themselves differ substan-
tially in nature. Conversations with the AI chatbot concentrate on admissions processes, en-
trance requirements, scholarships, and university rankings, while those with human counselors
gravitate toward vocational guidance, personal experiences, and open-ended conversational ex-
changes. A more detailed classification, using a Chilean Spanish BERT model fine-tuned on a
manually labeled sample of messages classified as factual or subjective, confirms this pattern:
the share of exchanges classified as factual is significantly larger for the chatbot (25% versus
15%), while the reverse holds for subjective exchanges (4% versus 11%).

A further dimension along which conversations might differ is their pace and dynamism.
Whether a student stays in the conversation probably depends on how well the counselor holds
their attention, and here the chatbot has some mechanical advantages. It is available at any
hour. Human counselors work in shifts, and each of them handles many more students (there
were 45 counselors, while the chatbot’s capacity is effectively unlimited). Even when a human
counselor is available, the chatbot responds faster: it does not need to compose, type, or look
up information. Consistent with this, the chatbot dominates on every dynamism metric we
examine. Median conversation duration per student was 1.12 minutes with Kai and 28.23
minutes with human counselors; response times are near-instantaneous for the chatbot versus
roughly one minute for counselors; the median gap between consecutive student messages is
about one minute versus roughly three; and time to the first informative exchange is under 44
seconds versus approximately three minutes. Since both arms cover a similar range of topics,
we interpret these gaps as differences in the dynamism of the exchange, with the chatbot
delivering similar content in less time and with quicker replies. These dynamism advantages
need not translate into better counseling — slower human responses may reflect deliberation —
a possibility we examine using direct measures of conversational quality below.

We next examine whether conversational quality differs across arms, independently of the
topics discussed or the speed at which they unfold, using several measures grouped into two
categories: informational coherence and interpersonal quality. We compute the cosine similar-

ity between dense representations of each prompt and its reply, in both directions (student-



to-counselor and counselor-to-student), as a measure of how tightly each response tracks the
question that elicited it. In the literature on dialogue-evaluation, embedding-based alignment is
a standard proxy for response quality (Tao et al., 2018; Mehri and Eskenazi, 2020), and in coun-
seling contexts it correlates with the quality of counselor-client exchange (Pérez-Rosas et al.,
2019). Kai-led conversations exhibit higher coherence than human-led ones in both directions:
Kai provides more semantically relevant responses to students’ questions, and students in turn
respond more coherently to Kai’s prompts than to those of human counselors.

We then turn to the interpersonal dimension of quality, focusing on empathy, motivational
support — attributes where human counselors are expected to hold a comparative advantage —
and informativeness, which captures the clarity, relevance, and actionability of the information
provided. A team of trained raters (Chilean psychology students) scored a random sample of
conversations on these dimensions on a 1-3 scale, with an additional “not applicable” category
for cases in which the conversation did not provide a meaningful opportunity for the counselor
to display the corresponding skill, and we use a hybrid classification model to scale the ratings to
the full sample (see Appendix A). Human counselors substantially outperform Kai on motivation
and empathy, while performing similarly or slightly worse on informativeness. This pattern is
consistent with the content differences documented above: Kai’s replies are more factual and
precise, whereas human counselors rely more heavily on socioemotional content and come across
as warmer and more encouraging.

Taken together, these patterns reveal a clear tradeoff in the nature of human and Al-led
counseling. The Al chatbot delivers information more efficiently, covering a similar range of
topics — with greater emphasis on factual content — with higher conversational coherence and
substantially more dynamic interactions, but falls short on the interpersonal qualities that
distinguish human counselors.

These conversational attributes exhibit substantial heterogeneity across human counselors.
Even on the dimensions where Kai outperforms the average human counselor, such as topic
breadth, subject coherence, or rater-scored informativeness, a substantial share of counselors
at the top of the distribution match or surpass the chatbot. Conversely, on the dimensions
where human counselors hold a clear average advantage, such as motivation and empathy, a
small fraction at the bottom of the distribution fails to outperform Kai. This heterogeneity
highlights a well-known challenge: maintaining large treatment effects at scale (Al-Ubaydli
et al., 2017b, 2020). The top counselors match (or even outperform) Kai, but maintaining that
level of quality across the full workforce becomes increasingly difficult as the program grows.

Our paper contributes to several strands of the literature. First, we contribute to a grow-
ing field-experimental literature on Al performance in complex tasks. While one strand shows
that AI assistance raises the productivity of human workers (Brynjolfsson et al., 2025; Noy
and Zhang, 2023; Dell’Acqua et al., 2026; Cui et al., 2025), a second, less developed strand

deploys Al to substitute for humans in structured interactions such as qualitative interviews,
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recruiting, motivational interviewing, and medical or mental-health consultations (Geiecke and
Jaravel, 2024; Jabarian and Henkel, 2026; Chopra et al., 2026; Chen et al., 2025; Heinz et al.,
2025). We contribute to this second strand in two dimensions: ours is a nationwide interven-
tion targeting a consequential, long-run decision (whether to pursue a teaching career), and
rather than reporting an aggregate Al-human comparison, we decompose the interaction into
conversational dimensions, showing why autonomous Al can be at least as effective as humans
in terms of performance.

Second, we contribute to the growing literature on scaling-up experimental interventions. A
central finding of this literature is that the effects of the intervention are attenuated at scale, in
part because the pool of available implementers expands and average quality falls (Al-Ubaydli
et al., 2017b, 2020, 2021; Muralidharan and Niehaus, 2017; Vivalt, 2020; DellaVigna and Linos,
2022; Ajzenman et al., 2026). We contribute to this literature in two ways. First: we provide
direct experimental evidence that the implementer-quality channel binds in practice: cross-
counselor variation in conversational quality in our setting is large enough that an Al chatbot
delivering uniform quality outperforms the average human counselor in some dimensions; and
we go beyond aggregate comparisons and document the conversational attributes along which
the two arms differ: Al leads on informational coherence and consistency, while humans retain
a clear advantage in interpersonal warmth.

Third, we contribute to the literature on teacher supply (Corcoran et al., 2004; Hoxby and
Leigh, 2004; Boyd et al., 2005, 2012; Bacolod, 2007) and the motivations underlying career
choices in education (Han et al., 2018; Perryman and Calvert, 2020). While most of the ex-
isting work has focused on monetary incentives—such as salary increases—as a tool to attract
and retain teachers (e.g., Clotfelter et al., 2008; Falch, 2011; de Ree et al., 2018); growing evi-
dence indicates that students’ decisions to enter teaching are also shaped by other motives (for
instance, intrinsic, extrinsic, and prestige-related motivations) (Han et al., 2018; Perryman and
Calvert, 2020). Yet causal evidence on whether interventions that target these motivations can
effectively shift teacher supply remains limited (Ajzenman et al., 2021; Christian et al., 2024;
Ajzenman et al., 2026). We extend this literature by providing the first experimental evidence
that Al-based behaviorally informed counseling delivery can shift career choice.

Finally, we contribute to the emerging literature on automation versus augmentation in Al
(Acemoglu et al., 2026; Acemoglu, 2025). Recent theoretical work predicts that LLMs will
substitute for workers in routine tasks that can be codified and complement them in tasks
that require judgment (Ide and Talamas, 2024; Korinek and Suh, 2024). In our experiment,
an Al chatbot fully replaced human counselors in a non-routine task that relies heavily on
personal interaction, and it performed at least as well (a case of full automation). A plausible
interpretation could be that the relational intensity of a task matters for the line between
substitution and augmentation only to the extent that the relational dimension affects outcomes.

We can test this directly, because we observe both interpersonal quality measures and treatment



effects.

Our findings have direct policy implications. Scaling up interventions without degrading
delivery quality is challenging: maintaining quality typically raises per-unit costs, and in some
cases high-quality human capital is too scarce to scale without losses in implementation fidelity
(Davis et al., 2017; Al-Ubaydli et al., 2017a). Our results show that, when implementer qual-
ity is heterogeneous, Al delivery can match or outperform the average human implementer at
a substantially lower cost. The human arm cost approximately $6.20 per student contacted
(counselor remuneration, coordination, and messaging), implying roughly $223 per additional
student induced to rank an education major first. Kai cost approximately $1.95 per student
contacted (including development costs amortized over five years), or $123 per additional stu-
dent induced (taking point estimates at face value; since the human-arm effect is statistically
insignificant): roughly twice as cost-effective, and without any binding capacity constraint on
scale. Excluding development costs, these figures fall to $0.95 and $60, roughly four times the
cost-effectiveness of the human arm. Given the pace of progress in Al technology, these costs

are likely to continue to fall. The gap should only widen.

2 Context

2.1 Teacher shortages in Chile

Teachers are a crucial input in the educational production function, representing the most
significant in-school factor affecting student learning and often accounting for 60-80% of national
education budgets (Rockoff, 2004; Rivkin et al., 2005; Staiger and Rockoff, 2010; Chetty et al.,
2011, 2014). However, attracting capable candidates into teaching is a persistent challenge
(Elacqua et al., 2020). While many countries have introduced policies to attract good teachers
to the regions where they are most needed (Clotfelter et al., 2008; Jackson, 2009; Ajzenman
et al., 2021, 2023; Elacqua et al., 2022), interventions that target the entry decision itself are
less common (Ajzenman et al., 2021, 2026).

Chile faces a growing and severe shortage of qualified teachers. The Ministry of Education’s
most recent national assessment (Ministerio de Educacién, Centro de Estudios and Elige Ed-
ucar, 2025) estimates that schools are short about 123,789 weekly hours taught by qualified
teachers (docentes iddneos), or 6.2% of the hours required. If only subject-specialist teachers
are counted, the shortfall rises to 235,602 hours (11.7% of national need). Rural schools and
schools serving the most socioeconomically vulnerable students have the largest deficits. In ru-
ral schools, 8.3% of hours lack a qualified teacher and 13.2% lack a specialist, both well above
the national figures. By subject, the largest gap is in Technological Education, where more
than 90% of secondary schools have no specialist teacher, followed by Religion and Philosophy,
English, and the Sciences (Ministerio de Educacién, Centro de Estudios and Elige Educar,



2025).

Chile has passed several reforms over the past decade to strengthen the teaching profession.
The Beca Vocacion de Profesor (BVP) is a scholarship for high-performing applicants to teach-
ing programs (Pérez-Nunez, 2020). Free postsecondary tuition was extended to students in the
bottom 60% of the income distribution. A teacher career law (Ley 20.903), phased in from 2017,
raised entry requirements for teacher education programs, increased teacher salaries, reduced
instructional hours, and introduced structured induction support (Avalos and Bellei, 2019).
The shortage persists. Some reforms even reduced entry into teaching for a while. Once tuition
was free, high-achieving low-income students could afford majors with higher returns, and fewer
of them chose teaching (Castro-Zarzur et al., 2022). Total enrollment in teacher education also
fell in the short run after Ley 20.903 raised entry requirements (UNDP, 2023). Structural re-
forms alone are unlikely to close the gap. Cheaper interventions that target motivational and
informational barriers at the time of career choice could complement them.

Behavioral and informational frictions matter too. According to Elige Educar, CIAE y
Universidad de Magallanes (2023), a sizable share of students who express interest in educa-
tion do not apply to teaching programs in the end. They cite perceived low salaries, worries
about prestige, and lack of information about working conditions and careers. Causal evidence
on whether targeted, low-cost interventions can shift these decisions at scale remains limited
(Ajzenman et al., 2026; Christian et al., 2024).

2.2 The Chilean university admissions system

Chile’s higher education system comprises universities, professional institutes, and technical-
vocational schools. Only certified universities may offer teacher education programs. Students
apply through a nationwide centralized admissions system that allocates them to university-
major combinations based on their stated preference rankings and their academic performance
on the national university entrance exam (PAES, Prueba de Acceso a Educacion Superior),
administered by DEMRE, the higher education testing arm of the Universidad de Chile.

The 2025 admissions cycle ran from June 2024 (PAES registration) to January 2025 (pro-
gram assignment). Registration was open from June to July; the test was administered in
the first week of December; results were released in January 2025. Following the releast of
the results, the application period opened, allowing students to rank up to ten university-
major combinations in order of preference. Students were then matched to programs via the
student-proposing deferred acceptance algorithm (Gale and Shapley, 1962), with admission re-
sults published at the end of January 2025. Programs rank applicants using a weighted score
combining mathematics, and verbal test scores, high school GPA (NEM), and a social-science
or science test score, with weights varying by program; teacher education programs require a

minimum PAES score of 502.



When registering for the PAES, students complete a survey administered by DEMRE that
collects information on their academic interests and preferences. One question asks them to
identify their vocational interest as Education, other social sciences, or none of these (more
concretely, they could choose from a list of ten fields). Although the intervention primarily
targets students who selected Education, our sample also includes students who selected Social
Sciences or Humanities but not Education. The survey also includes a consent question ask-
ing students whether they agree to have their contact information shared with Elige Educar
for counseling assistance during the higher education application process. The study proto-
col, including the consent language and the random-assignment design, was approved by an
Institutional Review Board (IRB) prior to implementation. Students could withdraw at any
time during the intervention via WhatsApp. A post-intervention debriefing offered a final op-
portunity to withdraw from data use. Students who consented (and did not withdraw) form
the sampling frame from which the experimental sample was drawn for this study. The same
system also produces the administrative application and enrollment records used as the primary

outcome data; see Section 3.

2.3 The Quiero Ser Profe program

Elige Educar is a Chilean NGO founded in 2009 with the mission of ensuring that all children
have access to quality teachers. Its flagship teacher recruitment initiative, the Quiero Ser
Profe program (QSP) has operated in partnership with DEMRE and the Chilean Ministry of
Education since 2010.

The QSP program addresses the barriers documented in the previous section — perceived
low salaries, prestige concerns, and information gaps about the profession and the application
process — through three mutually reinforcing components. First, a large-scale annual media
campaign promotes a positive image of the teaching profession through television, radio, and
social media. Second, the Elige Educar team provides information at career fairs at universities
across Chile. Third and most relevant for this study, individualized WhatsApp counseling
connects students interested in education careers with trained counselors, typically advanced
education students who have recently chosen teaching, making peer modeling an intentional
design feature.

Counseling conversations serve two complementary purposes: providing clear and timely
responses to students’ most common questions — admission requirements, scholarships, labor
market conditions, and teacher salaries, and program-level information on accreditation and
curricula — and engaging students in a reflective exploration of whether teaching is the right
path for them. Counselors are trained to tailor each conversation to the student’s individual
concerns and motivational profile.

Between 2018 and 2020, QSP contacted approximately 2,400-3,300 students per year



through personalized WhatsApp counseling, with a team of 30-45 counselors and an annual
budget of approximately 133 million Chilean pesos. A 2020 internal evaluation found that 63
percent of participants reported intending to enroll in a teacher education program (up from 55
percent in 2019), and that one-third of initially uncertain students ultimately chose a teaching
path. These figures, however, came from self-reported survey responses in a non-representative
sample and did not establish a causal effect of the program (Elige Educar, 2025).

This gap motivated a collaboration between Elige Educar and the Inter-American Devel-
opment Bank (IDB) to evaluate the program through a randomized controlled trial. The first
evaluation, in 2021, compared human counseling with a rule-based chatbot, a menu-driven
WhatsApp tool that offered the same information as the counselors through a predefined deci-
sion tree (Ajzenman et al., 2026). Human counselors increased the probability that a student
ranked a teaching program first by 1.25 percentage points. The chatbot’s effects were about a
third as large and statistically insignificant, a difference attributed in part to its limited ability
to personalize conversations.

This paper evaluates the second phase of this scaling strategy, implemented in 2024. Human
counseling can shift students’ career choices, but the program’s capacity is limited. A pool
of 45 counselors can serve about 9,000 students per admissions cycle, less than half of the
students who express interest in education careers each year. To overcome this constraint
while preserving the program’s personalized counseling format, Elige Educar and the IDB
developed Kai, a WhatsApp-based generative Al chatbot, as a candidate to fully automate
the counseling function. Kai, unlike the earlier rule-based chatbot, can hold open-ended and
personalized conversations. It uses the same knowledge base and motivational content as the
training of human counselors, and it can serve an effectively unlimited number of students at a
low marginal cost. The experiment tests whether a generative Al system can match or exceed

the effects of trained human counselors, and examines the mechanisms behind any difference.

3 Experimental Design

3.1 The Quiero Ser Profe Human Counseling Arm

Students randomly assigned to the human counseling arm received personalized guidance via
WhatsApp from trained human counselors following the standard QSP methodology. The
human arm was coordinated by two program coordinators from the Elige Educar team who were
responsible for counselor recruitment, training, operational oversight, and day-to-day support
throughout the intervention period. The pool comprised 45 counselors recruited and trained
by Elige Educar.

The counselor pool was predominantly female (75.6%) and composed largely of advanced

education students: 35.6% were in their fourth year of a teaching degree, 28.9% in their fifth



year, and 17.8% in their third year, with the remaining 17.7% either recently graduated or
working as teachers. About half (53.3%) had participated in the program in a previous cycle.
Counselors came from several universities, most often Universidad de Concepcion in the Bio-
Bio Region (36%) and Universidad Alberto Hurtado in the Metropolitan Region (18%), with
the rest at other institutions across the country. They specialized in language and literature,
history, mathematics, early childhood education, the arts, and other teaching fields.

Counselor training followed the QSP methodology. Under this methodology, guidance is
structured but adapted to each student, and counselors draw on their own experience as educa-
tion students to orient them. Counselors are expected to give clear and accessible information
on scholarships, admissions, and programs, and to make students comfortable enough to voice
their doubts and ask questions. They are also asked to be warm, patient, and clear, and to take
a genuine interest in each student’s situation. Training covered both what counselors should
discuss and how they should communicate. On the content side, training addressed the topics
most commonly arising in student interactions: university programs, accreditation standards,
entry requirements, scholarship and financing options (including the Beca Vocacién de Profe-
sor, FUAS, free tuition), the centralized admissions process, and labor market conditions for
teachers including salaries, employability, and career development pathways. The communica-
tive approach trained counselors to identify students’ motivational profiles at the outset of a
conversation and to tailor their engagement accordingly, following the approach developed in
Ajzenman et al. (2021) and in subsequent iterations of the program. Counselors were also
trained to handle emotionally sensitive conversations (including students facing discouraging
family expectations or significant vocational uncertainty) and were encouraged to draw on their
own experiences as education students as a form of peer modeling.

Each counselor was assigned approximately 23 students per week and initiated contact using
standardized opening templates and a semi-structured conversation guide (guion). The guién
organized counseling interactions into five sequential blocks (counselor introduction, student
contextualization, motivational engagement, information provision, and closing), but was de-
signed to be flexible: counselors were expected to adapt the flow, tone, and emphasis of each
conversation to the student’s expressed needs, concerns, and motivational profile. Within each
block, the guide provided example texts and suggested talking points, but counselors retained
discretion over wording. Counselors operated in scheduled afternoon and evening shifts, pri-
oritizing active conversations; each conversation window remained open for 24 hours after the

student’s last message.

3.2 The Quiero Ser Profe Kai Chatbot Counseling Arm

Students randomly assigned to the chatbot arm received personalized guidance via WhatsApp

from Kai, an Al counselor designed as a direct counterpart to the human arm. Kai was built to
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mirror the human arm’s content and conversational style as closely as possible while delivering
personalized counseling at unlimited scale.

Kai was developed over a four-month period from July through October 2024. Its devel-
opment was led by Patagonian, a specialized IT firm, in collaboration with the Elige Educar
team. Kai is a WhatsApp-based conversational agent built on GPT-40-mini and designed to
engage students in an open-ended, personalized dialogue about teaching careers and the univer-
sity application process. The rule-based chatbot evaluated in Ajzenman et al. (2026) followed
a predefined decision tree. Kai, a generative Al system, reads students’ free-text messages and
writes its own replies.

Kai drew on a content bank that compiled the QSP program’s methodology and exper-
tise. It searched this bank through a Retrieval-Augmented Generation (RAG) architecture
with semantic search, so it could find the relevant material even when a student’s wording
differed from the terms used in the program documents. The bank had three components. The
first contained information on the topics that come up most often in counseling conversations.
These include university programs, accreditation, and score requirements; financing (the Beca
Vocacion de Profesor, FUAS, and free tuition); admissions requirements and procedures; and
labor market prospects such as teacher salaries, employability, and professional development.
The second covered the socioemotional and vocational side of the decision, such as students’
motivational profiles, their values and identity, their life plans, and how they deal with their
own, their family’s, and society’s expectations about becoming a teacher. Elige Educar’s expert
counselors worked closely on the third component, written for the most frequent and the most
difficult queries. It covered common questions about programs, financing, and universities. It
also covered harder conversations, such as how to support a student whose family discouraged a
teaching career, concerns about teachers” working conditions and social recognition, and doubts
about fit with the profession.

Like the counselors, Kai worked through WhatsApp, so the channel is the same in both
arms. This matters for interpretation: because both arms use the same medium, any difference
in outcomes between them reflects the counselor (human or AI), not the platform. It was
available 24 hours a day.

Elige Educar is committed to inclusive communication, and students’ gender was unknown
at first contact, so Kai’s persona and name were gender-neutral. It wrote in a warm, accessible
and direct Chilean Spanish register suited to the students. Responses had a 100-word cap. In
earlier cycles, the counselor messages that worked best were short. Kai never claimed to be
human. The first message said that Kai was an Al counselor. When a student asked whether
they were talking to a person, Kai repeated that it was an Al assistant trained on the QSP
methodology.

QSP counselors were encouraged to share their own story as education students (why they

chose teaching, what was hard, what was rewarding) as a form of social modeling. Kai had
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no such story, and making one up would have broken the no-deception design. The design
team expected Kai’s consistency, availability, and speed to make up for this. Earlier evidence
from the program also suggested that information, more than anything else, drove changes in
students’ stated preferences.

Reviewers from the IDB and Elige Educar, two of them experienced QSP counselors, tested
Kai for several weeks before launch. In the first rounds they checked technical functioning and
content: whether Kai answered the expected student questions accurately and to the point,
whether its information on admission requirements, scholarships, and university programs was
correct and up to date, and whether its tone was warm, accessible, and close to the human
counselors’. Later rounds focused on ethically sensitive or emotional exchanges. Kai had to
respond with care to students in distress or great uncertainty without going into matters that
need professional support, and to decline questions outside its scope and refer the student
elsewhere instead of guessing. Each round ended with structured feedback, and the developers

adjusted Kai’s prompt, knowledge base, and response parameters before the next one.

3.3 Intervention Design and Contact Protocol

Both arms used Elige Educar’s WhatsApp Business account, so students in each arm saw the
same platform, sender, and interface. The first message said who the sender was. Students in
the chatbot arm were greeted by Kai, introduced as an Al-powered counselor, and students in
the human arm received an equivalent message from their assigned counselor. The message had
four buttons. Three of them started the conversation in different ways (“How do I work?”, “How
can I help you?””, and “Let’s get started!”). The fourth (“I don’t want to participate”) closed
the student’s file at once, and the student was not contacted again. Students who stayed in the
program could write to their counselor or to Kai whenever they wanted during the intervention.

The contact protocol was the same in both arms. Students were split into eight groups, and
each group was contacted in a given week, starting on October 28, 2024. A student who did
not answer the first message that week received a second one, and no more. Anyone who chose
the opt-out option, in any message, was not contacted again.

The intervention had two phases. The first covered the eight contact waves, from late
October to early December 2024. Its aim was to motivate students to consider education
careers and to give them information for their decision before the application period. In the
week of January 6, 2025, all students who had not opted out were contacted again, this time
with support for the university application itself. Students could keep starting conversations

until the intervention ended on January 14, 2025.
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3.4 Sample Selection and Randomization

We identified 151,253 students who met the eligibility criteria for the study. These were students
registered to take the PAES who, when completing the DEMRE registration survey in July
2024, declared an interest in pursuing a career in education or social sciences and consented
to share their information and be contacted by Elige Educar for application counseling and
research. From this pool we drew a sample of 43,539 students, of whom 23,690 had declared
an interest in education careers and 19,849 an interest in social sciences but not education.
Students interested in education are the program’s main target. We include the social sciences
group to test whether the intervention can also change the career preferences of students who
had not expressed interest in teaching. In an earlier evaluation of the program, Ajzenman et al.
(2026) found no effects for this group, which gives us a benchmark.

We randomly assigned students to three arms: human counseling (8,998 students), the
chatbot (20,000 students), and a passive control group that received no intervention (14,539
students). The arms differ in size because of Elige Educar’s capacity. Its 45 counselors could
serve at most 9,000 students during the intervention, while the chatbot arm had no such limit,
so we made it large to maximize statistical precision. We stratified the randomization by
gender, type of high school attended (public, subsidized private, or private), and declared
career interest (education or social sciences). Students left in incomplete strata because of
small cell sizes (“misfits”) were randomized as a separate stratum.

The final estimation sample excludes students who did not sit the PAES (361 observations)
and those who opted out of the program via any contact message (1,743 observations), yielding
a final sample of 41,432 students, of whom 22,739 declared interest in education and 18,693 in
social sciences.

Finally, as stated in the pre-registration, we estimate effects separately for two groups
defined at baseline. The DEMRE survey asks students, “In which area would you like to
study or work?””, and lists ten areas (Education, Humanities, Arts and Architecture, Health,
Technology, Social Sciences, Agriculture, Basic Sciences, Business and Commerce, and Law),
each accompanied by examples of specific majors to clarify its scope. We classify a student
as interested in Education if they marked Education, regardless of whether they also marked
other areas, and as interested in social sciences if they marked Social Sciences or Humanities,
but not Education. For brevity, we refer to this group as ’social sciences’ throughout the paper;

it includes students who selected Humanities.
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4 Data

4.1 Administrative Data on University Applications

We use anonymized administrative data from DEMRE, the Chilean agency responsible for
overseeing the centralized university admissions process. We linked these records to the experi-
mental sample through masked student identifiers assigned by Elige Educar. Researchers never
had access to personally identifying information.

For each student, the data record university applications, enrollment, and a set of baseline
covariates collected at PAES registration. We use four outcome variables. (i) Ranked first equals
one if the student listed an education major as their first-choice university-program combination.
(ii) Proportion listed is the share of education majors on the student’s list, which can include
up to ten programs. (iii) For At least one listed, it is enough that one program anywhere on
the list is an education major. (iv) Enrolled is one for students who ended up in an education
program, whether they entered through the PAES or through a special admissions pathway.
The first three outcomes describe the direction and intensity of the preferences students stated
before the centralized matching, and the fourth is realized enrollment. Enrollment has to be
read with caution. Under the centralized matching algorithm (Gale-Shapley), the choices of
treated students change where other students are placed, which violates SUTVA (see Karnani
(2024)).

All baseline covariates come from PAES registration. Schools are fully public (state-owned
and publicly funded), subsidized private (privately owned, with a public subsidy per student),
or private (funded only by tuition). The NEM score is the student’s high school GPA converted
to the 0-1,000 PAES scale. The ranking score uses the same scale but compares a student’s
GPA with those of their cohort and the previous three graduating classes at the same school.
Other covariates are gender, age in 2025, the mean of the two mandatory PAES tests (reading
comprehension and mathematics), self-reported Chilean nationality and indigenous ethnicity,
and whether the student lives in the Metropolitan Region. ODEPA classifies municipalities
into three rurality levels by population density, using the 2024 census. The family income
decile comes from the government’s household vulnerability records, which mix self-reported
and administrative data. Missing values are set to zero, and each specification includes missing-

value indicators.

4.2 WhatsApp Interaction Data

We also have every WhatsApp message exchanged between students and their counselor (hu-
man or Al) during the intervention, with its sender and time stamp. The conversations are
anonymized and linked to the experimental sample through the same masked identifiers as the

administrative data, and the analysis dataset contains no personally identifying information.
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The data-use agreement lets us link conversations to some pre-treatment variables. It does not
let us link them to outcomes.

The mechanisms analysis in Section 7 relies on these data. We measure conversation length,
the timing and order of messages, topics, whether content is factual or subjective, and how
semantically coherent each reply is with the prompt before it. Appendix A gives the details of
each measure.

Chat users often break one idea into several short messages a few seconds apart, so before
the analysis we merge consecutive messages from the same participant sent within 30 seconds
into one “message burst,” which approximates a full conversational turn.

After applying the sample restrictions described in Appendix A, retaining students who
declared an interest in education careers at PAES registration, sat the PAES, and actively in-
teracted with their counselor, and excluding those who opted out, the analytic sample comprises

36,860 messages in the human arm and 37,562 messages in the Kai arm.

4.3 Descriptive Statistics and Balance Checks

The estimation sample of 41,432 students is 65.0% female. The majority attend subsidized
private schools (57.2%), which are privately owned but receive per-student public subsidies;
35.9% attend fully public schools, and the remaining 6.9% attend private nonsubsidized schools.
About a quarter (25.9%) attend technical-vocational schools. Just over half (54.9%) declared
an interest in education careers at PAES registration, and the rest in social sciences. Family
income falls on average in the fourth decile of the national distribution. In terms of baseline
outcomes, 15.5% of students ranked an education major first in their choice set, 25.8% included
at least one education major, and 13.6% ultimately enrolled in an education program. Table 1
presents full descriptive statistics for all covariates and outcomes.

Table 2 shows that the sample is balanced across nearly every observed dimension. The few
differences that emerge are small in magnitude. Omnibus F-tests of joint orthogonality using
randomization inference (Kerwin et al., 2024) confirm balance across all pairwise comparisons.
Reassuringly, Tables 3 and 4 show that this pattern of balance broadly holds within each interest
subgroup.

5 Empirical Strategy

To estimate the effect of each arm of the intervention on students’ educational choices, we run

the following specification:

y; = ayHuman; + apKai; + X8 + ¢; (1)
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where y; is one of the four outcome variables described in Section 4 for student ¢; Human;
and Kai; are indicators for assignment to the human counseling arm and the Kai chatbot arm,
respectively, with the passive control group as the omitted category; and X; includes GPA score
(NEM), ranking score, average math and verbal test score, age, and indicators for attending a
technical-vocational school, holding Chilean nationality, and belonging to an indigenous people,
as well as fixed effects for randomization strata (gender, school type, and interest in education
versus social sciences), family income decile, Metropolitan Region, rurality of the municipality
of residence, and missing value indicators for any control variable. The coefficients of interest
are or; and ag, which capture the intention-to-treat (ITT) effects of each arm relative to the
control group. We also report a direct test of a; = ay to assess whether the two arms differ
from each other.

Following our pre-analysis plan, we estimate equation (1) on three samples: the subsample
of students who, prior to the intervention, declared an interest in education; the subsample of
those who did not; and the full sample combining both groups. We pre-registered this split
for two reasons. First, in the earlier evaluation (Ajzenman et al., 2026), effects were muted for
students without prior interest in education and concentrated among those with it. Second,
the program is meant for students who are already considering teaching. We still include
students interested in social sciences, as a benchmark: can the intervention pull students from
a neighboring field? Ajzenman et al. (2026) suggest it cannot. See Section 3.4 for details on
the survey question used to construct this classification from baseline data.

Since randomization was conducted at the individual level, all specifications report
heteroskedasticity-robust standard errors. As a robustness check for multiple testing, we report

Benjamini-Hochberg adjusted p-values for the family of primary outcomes.

6 Results

Table 5 reports the intent-to-treat effects of each arm on our four application and enrollment
outcomes, estimated from equation (1). The three panels correspond to the three estimation
samples: Panel A restricts attention to students who at PAES registration declared an interest
in education, Panel B to those who declared an interest in social sciences but not education,
and Panel C pools both groups.

We start with Panel A, the target sample for the Quiero Ser Profe program. We present two
types of outcomes: Choice outcomes, which reflect students’ preferences over majors and the
priorities they assign to them; and enrollment, which requires a caveat before interpretation.
Choice outcomes depend only on the student’s own behavior. Enrollment is decided by a
centralized allocation mechanism, where each student’s assignment depends on what every

other applicant chose. This has two consequences. First, enrollment is a general-equilibrium
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variable. Whether a treated student is admitted also depends on program capacity and on
the choices of peers. Second, and more consequentially for inference, enrollment outcomes
are subject to between-arm spillover effects that violate SUTVA: students’ choices in any arm
affect other students’ enrollment in any other arm (see Karnani, 2024). We thus interpret the
enrollment outcome with caution, since a causal reading is not clean.

Ajzenman et al. (2026) provide a benchmark for the results that follow: they evaluated a
structurally similar version of the program in 2021, with minor implementation changes. The
human arm produced effects of 1.25 and 1.28 percentage points on Ranked First and Proportion,
respectively, and a null effect on the extensive-margin outcome Listed at Least Once.

Table 5 Panel A (students with prior interest in education), shows that treatment with
Kai increases the probability that a student lists an education program as their first choice
(Ranked First) by 1.4 percentage points, significant at the 5% level (with a control mean of
26.1%). The human arm produces a point estimate of 1.1 percentage points, insignificant at
conventional levels. Kai also delivers a positive effect of 1.1 percentage points on the share of
education programs within the student’s choice set (Proportion; over a control mean of 24.4%),
significant at the 5% level. The human arm produces an effect of 0.6 percentage points on this
outcome which is insignificant at conventional levels. Both Kai effects remain significant at
the 10% level when using Benjamini-Hochberg adjusted p-values. Finally, we find no effects
on Listed at Least Once for either arm. This outcome captures the extensive margin; the null
effect is consistent with an intervention that operates on the intensive margin, reinforcing the
decisions of students who were already considering teaching careers rather than attracting new
ones.

Panel B shows null effects for both arms on all choice outcomes, indicating that the in-
tervention is effective only among students with prior interest in education. This pattern is
consistent with Ajzenman et al. (2026). Panel C, which combines Panels A and B, shows an
effect only for the chatbot arm on the Ranked First outcome, significant at the 10% level.

For completeness, we also report effects on enrollment, although the SUTVA violation noted
above precludes causal interpretation. The point estimate for the human arm is 1.1 percentage
points (significant at the 10% level, insignificant after Benjamini-Hochberg correction); the Kai
arm’s point estimate is 0.6 percentage points and statistically insignificant. We do not attach
causal weight to either estimate.

Overall, our results indicate that Kai produced statistically significant effects on students’
choice of education majors at conventional levels, while the human arm produced smaller,
statistically insignificant effects on the same outcomes. The significant effect on Ranked First
is particularly informative: it shows that Kai induced students to place education programs at
the top of their choice set, rather than merely to include them in low positions unlikely to lead
to admission under the centralized allocation mechanism. Our findings confirm the pattern

documented by Ajzenman et al. (2026): when effective, the Quiero Ser Profe intervention
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operates only on students with some baseline interest in pursuing an education major. The null
effects on the extensive margin further support this interpretation.

The smaller sample size of the human arm raises the question of whether its null result
reflects limited statistical precision rather than a true zero effect. The human arm has 4,670
treated and 7,781 control students among education-interested students, a sample size large
enough to identify small effects at conventional levels of significance and statistical power,
making this possibility less likely. In any case, a conservative reading of our results is that Kai
performed at least as well as the human arm, a finding that holds under either interpretation

of the human arm null.

7 Mechanisms

We next examine which attributes differ between human counselors and the chatbot, and to
what extent they relate to the outcomes of the intervention. Because we cannot link individual
conversations to student-level outcomes, we cannot identify which attributes drive effectiveness;
instead, we draw on recent methodological advances in the analysis of conversational transcripts
(Jabarian and Henkel, 2026) to study several features of student-counselor interactions in both
arms and characterize the main differences in how each engages with students.

We first construct a set of measures that capture key features of interactions between stu-
dents and their assigned counselor, based on anonymized WhatsApp interaction data from both
treatment arms. These measures are designed to characterize multiple dimensions of the in-
teractions, including engagement and participation, conversational content and topic coverage,
semantic alignment between messages, and the timing and efficiency of exchanges.

To construct these measures, we rely on the underlying message-level data. Each observation
in the raw logs is a single time-stamped message, sent either by the student or by the assigned
counselor (human or chatbot). This keeps every detail of the interaction, but it cannot be
analyzed as is, because chat messages are fragmented (a student may split one message into
several parts sent seconds apart).

We therefore preprocess the data through a set of steps that jointly define the analytical
sample and the unit of observation in order to make results easier to interpret. First, we restrict
the sample to students who declared an interest in education careers at PAES registration, sat
the PAES, and had at least one observed interaction, excluding students who selected the “opt
out” option.? These restrictions retain 36,860 messages in the human arm and 37,562 messages
in the Kai arm.

Second, we deal with fragmentation. Students often spread one idea over several consecutive

messages, which would inflate message counts and add noise unrelated to the quality of the

2This option allowed students to indicate that they did not wish to receive further counseling or be contacted
again.
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interaction. We therefore group consecutive messages from the same participant sent within 30
seconds of each other, as long as the other participant does not reply in between. We compute
all measures (e.g., messages per student) on these grouped units, each of which corresponds to
one coherent contribution instead of an arbitrary piece of one.

We construct indicators capturing several conversational attributes, drawing on recent work
analyzing conversation dynamics in other settings (Jabarian and Henkel, 2026) as well as fo-
cus groups and discussions with the program’s implementers. A detailed description of each

outcome is given in Appendix A. Below, we present a brief description.

e Conversation length: Total number of messages exchanged in a full conversation. Higher
values may reflect greater engagement but could also indicate inefficiencies in information

delivery.

e Topic breadth: Number of distinct topics discussed in a full conversation (see description

of topic identification below).

e Topic composition: The specific topics discussed in a full conversation. Topics were classi-
fied into three broad categories and 18 subcategories, aligned with Elige Educar’s program
guidelines. The first category, admissions and application process, covers the application
process, entry requirements, scholarships and financial aid, university inquiries, adminis-
trative inquiries, PAES concerns, and the teaching vocation scholarship Beca Vocacion de
Profesor. The second, career and professional outlook, includes the teaching degree, labor
market prospects, curricula, professional internships, accreditation, and program quality,
compatibility with work, academic demands, and other careers. The third, vocational
guidance, encompasses personal experiences, vocational orientation, and conversational

interactions.

e Fuctual content share: Proportion of conversational exchanges containing factual con-
tent. We also compute the subjective content share, defined analogously for exchanges

containing subjective content.

e Counselor coherence: Cosine similarity between the semantic embeddings of a subject’s
message and the counselor’s subsequent response. Higher values indicate that the coun-

selor’s replies are more semantically aligned with the subject’s input.

e Subject coherence: Cosine similarity between the semantic embeddings of a counselor’s

question and the student’s subsequent response.

e (Counselor response time: Time between the end of a student turn and the start of the

subsequent counselor turn, computed over consecutive turn pairs, measured in minutes.
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e (Conversation duration: For each student-day, minutes between the start of the first stu-
dent turn and the end of the last student turn. Daily durations are summed across all

observed days to obtain cumulative conversation duration per student.

o Student-to-student gap: Time between the end of a student’s previous turn and the start

of their next turn within the same day, measured in minutes.

e Time to the first informative exchange: Number of minutes elapsed before the first im-
portant content appears in a conversation. We classify important content as factual or

subjective questions.

e Empathy: Composite measure that captures the degree of empathy displayed in the con-
versation, operationalized through emotional reactions, interpretations, and exploratory

responses to the student’s experiences (Chen et al., 2024; Sharma et al., 2020).

e Motivation: Composite measure that shows the extent to which the counselor encourages
reflection and supports student decision-making through personalized encouragement and
targeted questions, thus fostering active engagement in the interaction (Sharma et al.,
2020).

e Informativeness: Composite measure that captures the extent to which the counselor
provides clear, relevant, and actionable information for the student’s decision-making
process, including both the delivery of pertinent content and the provision of useful ex-

ternal sources tailored to the student’s specific situation.

Using these metrics, we proceed in four steps, examining in turn whether students engaged
at all, how long and how fast the exchanges were, what was discussed, and how well the
interaction worked.

Length of the conversation: sustained engagement or inefficiency? We first exam-
ine the length of conversations across arms. As Figure 2 shows, conditional on a conversation
starting, human counselors exchange more messages with students than the chatbot does on
average.® This pattern admits two competing interpretations. Students may have been more
engaged with human counselors, which would make those exchanges longer. Alternatively,
human counselors may deliver information less efficiently. In that case, shorter chatbot conver-
sations would mean that the chatbot answers the student’s query in fewer turns, and not that
the student loses interest.

Breadth of the conversation. To distinguish between these interpretations, we start by

comparing the breadth of conversations, measured as the number of distinct topics covered.

3This difference is larger using raw messages. Students interacting with human counselors split queries across
multiple messages, while near-instantaneous chatbot replies induce more consolidated messages. Aggregating
messages into turns mitigates this mechanical difference.
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Figure 3 shows the distribution of the number of distinct subtopics per student. The mean
is 2.24 for Kai and 1.95 for human counselors, with a median of 2 in both arms. Despite
exchanging fewer messages per user (7 with the chatbot versus 8 with human counselors), the
chatbot spans the same 18 subtopics as its human counterparts. Moreover, the chatbot matches
or exceeds the coverage share of human counselors in 11 of the 18 subcategories, indicating that
its advantage is not only in the range of topics addressed but also in the relative intensity with
which most of them are discussed. A detailed description of the topic taxonomy construction
and the automated classification procedure is provided in Appendix A.

Although thematic breadth is comparable, topic composition differs substantially across
arms. As Figure 4 shows, conversations with the chatbot concentrate disproportionately on
admission-related and logistical topics such as admission requirements, scholarships, and the
application process (appearing in 19.0%, 24.6%, and 17.9% of Kai conversations, respectively,
compared with 11.2%, 18.0%, and 10.4% of human-counselor conversations), whereas exchanges
with human counselors are more heavily weighted toward relational and reflective content,
including conversational interactions and the sharing of personal experiences (21.6% and 18.3%
of human-counselor conversations, compared with 15.1% and 6.5% of Kai conversations). We
complement this evidence with two companion measures, Factual content share and Subjective
content share, which capture the proportion of each conversation devoted to factual as opposed
to subjective content. These indices are constructed from a Chilean-Spanish BERT model fine-
tuned on a manually labeled sample of approximately 900 counselor messages (see Appendix A).
Consistent with the topic-composition patterns above, Figure 5 shows that factual content share
is substantially larger in the Al arm (25% versus 15%), while the reverse holds for subjective
exchanges (4% versus 11%).

Conversational Dynamism. Conversations also differ in their pace, flexibility, and dy-
namism. Sustained engagement likely depends on how effective counselors are at capturing
and sustaining students’ attention, and chatbots have several structural advantages along these
dimensions. To begin with, chatbots are available 24/7. Although human counselors do their
best to be present when needed, they work in shifts and the student-to-counselor ratio is sub-
stantially higher (45 human counselors versus virtually unlimited chatbot capacity). Even if
human counselors were constantly present, they would be mechanically slower to respond: they
have to think, type, and consult information to give a proper answer. By contrast, chatbots
can answer immediately. We explore this using several metrics.

To start, Figure 6 shows that median conversation duration per student was 1.12 minutes
with Kai and 28.23 minutes with human counselors; the corresponding means are 35.06 and
120.26 minutes, respectively. As was the case with the conversation-length indicator, longer con-
versations admit multiple interpretations. Conversations could be longer because students are
more engaged and are receiving more information; alternatively, they could be longer because

they are less dynamic. The fact that the number of topics covered by each type of counselor is

21



similar suggests that the former is unlikely to be the most relevant explanation. We comple-
ment this evidence with several additional measures. First, as documented in Figure 7, response
times are significantly faster for Kai than for human counselors. Every time a student asks a
question, Kai provides an answer immediately, while the median human counselor response
time is approximately one minute. Delayed answers are likely to affect student engagement: if
an answer takes too long, students may lose focus, increase their own response times, and make
the conversation less dynamic (Hwang et al., 2019); even in offline interactions, fast responses
signal social connection in conversations (Templeton et al., 2022). We capture this through
the Student-to-student gap. As Figure 8 shows, while the median gap between two sequential
student messages is almost three minutes in conversations with human counselors, it is around
one minute in conversations with Kai. Finally, longer conversations could mean that a student
has to wait longer to obtain valuable information. We capture this idea by measuring the Time
to the first informative exchange. Figure 9 shows that, while a median conversation with a
human counselor reaches substantive content at approximately three-minutes, the equivalent
time in Kai conversations is about 44 seconds. Both arms cover a similar range of topics, so
we read these timing gaps as differences in the dynamism of the exchange. Kai covers about as
much ground as a human counselor, in less time.

Kai’s advantages in dynamism are not necessarily indicators of higher quality. Part of the
human delay may reflect counselors’ effort to think through and find the best answer for each
query. A natural question is thus whether the quality of the conversation differs across groups,
regardless of the specific topics discussed or the speed at which they unfold. We use several
measures that capture different aspects of conversational quality, grouped into two categories:
informational quality and interpersonal quality.

Chatbot-led conversations exhibit higher coherence than human-led ones in both directions:
Kai provides more semantically relevant responses to students’ questions, and students in turn
respond more coherently to Kai’s prompts than to those of human counselors (Figure 10).
This pattern is consistent with the structural design of LLMs, which are trained to generate
responses semantically aligned with prompts; we therefore interpret coherence as evidence that
Kai’s information delivery is fluent rather than as a marker of higher counseling quality per se.

Quality of the conversation: interpersonal. We turn to the interpersonal dimension
of quality, focusing on empathy and motivational support, two attributes where humans are
expected to hold a comparative advantage, and informativeness. As detailed in Appendix A,
we recruited trained human raters (Chilean psychology students) who scored a random sample
of 900 conversations on these and other dimensions, each on a 1-3 scale, with an additional
“not applicable” category coded as 0 for cases in which the conversation did not provide a
meaningful opportunity for the counselor to display the corresponding skill. We then trained a
hybrid classification model to scale these ratings to the full sample of conversations.

Figure 11 reports the mean quality coefficient in each dimension, on a 1-3 scale. Human
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counselors substantially outperform Kai on two key socioemotional dimensions: on motivation,
the average score is 1.94 for humans against 1.58 for Kai, and on empathy, the gap is even
wider, at 1.62 for humans versus 1.13 for Kai. On the informativeness scale (the extent to
which counselors provide clear, relevant and actionable information) Kai performs slightly better
than humans, although the difference is small. This pattern is consistent with the message-
level content analysis reported above: Kai’s replies are more factual and precise, while human
counselors rely more heavily on socioemotional content.

Overall, the evidence reveals a coherent trade-off between informational efficiency and so-
cioemotional depth. Kai does better on the delivery of information and the flow of the con-
versation. It responds faster, students take less time between turns, substantive content comes
up earlier, the same range of topics is covered in fewer messages, and semantic coherence is
higher in both directions. Human counselors do better on the interpersonal side. Their con-
versations are longer and more relational, place more weight on subjective content, and score
substantially higher on empathy and motivational support. The two arms occupy different
points of this trade-off. We interpret the headline result — that the Al arm produces treatment
effects at least as large as those of the human arm — as evidence that, in this setting, the
informational-efficiency advantage outweighs the interpersonal shortfall. Interpersonal quali-
ties may still matter. For the outcome we measure (ranking an education major), though, the

delivery of information appears to be the more binding margin.

7.1 Human Counselor Heterogeneity

A key potential drawback of interventions that depend heavily on implementer quality stems
from variation across human implementers (Al-Ubaydli et al., 2017b, 2020). Al-powered delivery
can address this constraint by delivering what Jabarian and Henkel (2026) term controlled
variance: homogenizing quality across interactions and eliminating the dispersion observed
across human implementers. A first way to explore this is to compare each human counselor’s
effectiveness with Kai’s in shifting applications toward education majors. Figure 1 plots, for
each counselor, the share of their students who listed an education major as their top choice.
The upper tail of the distribution seems to perform remarkably well: more than a third of
the counselors reach shares comparable to (or above) Kai’s. On average, however, Kai seems
to hold only a modest edge over its human counterparts (not large enough to be significantly
different at conventional levels). Its value lies less in raising the mean than in compressing the
variance: every student assigned to Kai faces the same quality of interaction, whereas quality
among human counselors varies widely.

To further explore this pattern, we then ask how Kai compares not only to the average
human counselor but to the full distribution of the 45 counselors in our sample, across each of

the conversational attributes defined above. For each attribute, we compute the mean for each
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human counselor and for Kai, and rank counselors accordingly. Figure 12 reports the results:
each bar represents the average score for one human counselor on the corresponding attribute.
Figure 13 provides a summary view across all attributes, reporting how many of the 45 human
counselors are statistically above, indistinguishable from, or below Kai.

Starting with topic breadth, most human counselors are statistically indistinguishable from
Kai, while 13 counselors (29%) cover significantly fewer topics per conversation. Results on
content composition confirm that conversations with Kai and with human counselors clearly
focus on different types of questions (more factual and more subjective, respectively). Roughly
45% of human counselors cover as much factual content as Kai, and 27% devote a similar share
of turns to subjective content. These results document substantial heterogeneity across human
counselors in topic emphasis. The picture becomes sharper on dynamism. Kai responds sig-
nificantly faster than all 45 counselors, and shows significantly shorter student-to-student gaps
and shorter conversations than 80% and 73% of them, respectively. For time to the first infor-
mative exchange, 25 counselors (56%) take significantly longer than Kai, while the remaining
20 (44%) are statistically indistinguishable. No counselor is significantly faster than Kai, or
shows significantly shorter gaps or conversations, on any of these dimensions — a mechanical
limitation of human delivery rather than a counseling-quality finding.

Turning to conversational quality, heterogeneity is again the central pattern. On counselor
coherence, Kai significantly outperforms 93% of human counselors, with the remaining 7%
statistically indistinguishable; on subject coherence, however, only 44% of counselors fall signif-
icantly below Kai, with the remaining 56% statistically indistinguishable from the chatbot. On
this latter dimension, the upper half of the human distribution is statistically indistinguishable
from Kai. The picture inverts on the interpersonal margin, where human counselors generally
outperform Kai, but again not uniformly: 7% of counselors are statistically indistinguishable
from Kai on motivation and 2% are indistinguishable on empathy. On rater-scored informative-
ness, only 11% of human counselors significantly outperform Kai, while the rest are statistically
indistinguishable or score significantly lower. Across these quality dimensions, the lower tail of
human counselors does not significantly outperform Kai.

These patterns speak to the main point of the exercise. On margins where Kai outperforms
the average human counselor (topic breadth, subject coherence, and informativeness), a nontriv-
ial share of counselors, those at the top of the distribution, perform as well as the chatbot, and
in some cases better. Likewise, on dimensions where human counselors hold a clear advantage
(such as motivation and empathy), a fraction of counselors at the bottom of the distribution
do not outperform Kai. The implementer-quality argument predicts this kind of dispersion.
The best counselors match or exceed Kai on most dimensions, but the larger the program,
the harder it is to keep the whole workforce at that level. Kai’s quality does not depend on
scale. This is why a chatbot that scores below the average human counselor on interpersonal

dimensions can still have treatment effects at least as large as those of the human arm.
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8 Conclusion

We study whether an Al-powered chatbot can replace trained human counselors in a
conversation-based behavioral intervention designed to motivate Chilean high school seniors
to consider teaching careers. We do this in a nationwide field experiment that randomized
roughly 43,000 students into three arms: an Al chatbot calibrated to mimic the human pro-
tocol (Kai), the standard human-counseling arm, and a passive control. Among students with
baseline interest in teaching (the target of the intervention), treatment by Kai increased the
probability of ranking an education major first by 1.4 percentage points and the share of educa-
tion programs in the choice set by 1.1 percentage points, both significant at conventional levels.
The human arm produced smaller and statistically insignificant point estimates. In our setting,
Al-led delivery was at least as effective as our trained human counselors and considerably less
expensive per treated student.

The cost gap between the two arms is large. Taking each arm’s point estimate at face value
(acknowledging that the human-arm estimate is statistically insignificant), reaching one student
costs about $6.20 in the human arm against $1.95 in the Kai arm, which translates into roughly
$223 versus $123 per additional student induced to rank an education major first. Without
the one-time development cost (amortized over five years), Kai costs about $0.95 per contact
and $60 per induced student, roughly four times as cost-effective as counselor-based delivery.
We consider these figures conservative, because Kai has no binding capacity constraint and the
cost of developing and maintaining such systems will probably keep falling as the technology
improves. Taken together with the treatment effects, the cost figures imply that at this scale,
and on this margin, the chatbot dominates human delivery.

The mechanisms analysis shows that Kai and human counselors have advantages and dis-
advantages in several conversational attributes. Conversations with Kai are markedly faster
and more dynamic (in terms of median conversation duration, counselor response times, and
the average time to the first informative content), are more semantically coherent in both di-
rections (from student to counselor and vice versa), and are typically concentrated on factual
content such as admission requirements, scholarships, and program-level information. Human
counselors, in turn, dominate on the interpersonal margin: their conversations are longer, lean
substantially more on subjective and relational content, and score considerably higher on rater-
coded empathy and motivation. Both arms show similar topic breadth, suggesting that Kai is
more efficient in delivering a similar amount of information. The two arms therefore show a
trade-off between informational efficiency and socioemotional depth. Since the chatbot’s effects
are at least as large as those of the human counselors, fast and coherent delivery of information
seems able to make up for the lack of warmth, at least in this setting and for this decision.

Quality also varies widely across the 45 human counselors, on almost every conversational

attribute we measure. This matters for the design of interventions meant to scale. With
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human counselors, the program delivers an average over a heterogeneous pool, and keeping
quality constant at scale would almost certainly raise the cost per counselor to the point where
the intervention is no longer practical. Kai has no such variation, since every student receives
the same content with the same dynamism. The same variation also means that, on almost
every metric, including those where Kai is far ahead of the average counselor, some counselors
match or beat Kai. If the typical counselor were as good as the best ones in our sample, the
average human conversation would probably be at least as good as Kai’s. However, given how
much counselors differ, this is not the relevant comparison for policy. When good conversational
implementers are scarce, the controlled variance of Al is an advantage in its own right, separate
from whether the average Al conversation beats the average human one.

Our findings are relevant to the debate, prompted in part by Acemoglu et al. (2026), on
whether AI should substitute for human workers or complement them. Some recent field ev-
idence focuses on augmentation, where humans keep the core of the task and Al raises their
productivity at the margin (Brynjolfsson et al. 2025; Noy and Zhang 2023; Dell’Acqua et al.
2026; Cui et al. 2025). Our experiment is on the substitution side. A fully autonomous Al
agent replaced human implementers in a nationwide intervention, with no human supervision,
and on a conservative reading produced similar effects at a lower cost. We read this as direct
experimental evidence that full automation is viable for conversation-based behavioral inter-
ventions.

This conclusion does not rule out complementarity in related settings or for similar inter-
ventions, however. Indeed, our mechanisms analysis shows that trained human counselors keep
a comparative advantage in empathy, motivation, and sustaining subjective and relational ex-
changes, while Al-led delivery is better on dynamism, breadth of factual coverage, and semantic
coherence. A natural next step is a hybrid design, with AI handling the dimensions where it
is stronger and human counselors focusing on those where they keep a clear advantage. The
question would then become how to combine the comparative advantages of Al and human

counselors.

26



9 Tables

Table 1: Baseline Covariates Summary Statistics

N Mean SD Min Max

Panel A. Covariates

Female 41,432 0.650 0.477 0 1
High school funding type:
Public 40,801 0.359 0.480 0 1
Subsidized private 40,801 0.572 0.495 0 1
Private 40,801 0.069 0.253 0 1
Technical-vocational school 41,432 0.259 0.438 0 1
Prior interest in education 41,432 0.549 0.498 0 1
GPA score (NEM) 41,432 682.7 161.8 0 1,000
Ranking score 41,432  696.1 172.7 0 1,000
Average math and verbal test 41,432 519.5 2194 0 987.5
Age 41,432 20.34 4.748 17 76
Chilean nationality 41,432  0.825 0.380 0 1
Indigenous ethnicity 41,432  0.148 0.356 0 1
Metropolitan Region 41,432 0.363 0.481 0 1
Rural municipality 41,432  1.400 0.708 0 3
Family income decile 41,432 4.282 2.542 0 10
Panel B. Outcomes
Ranked first 41,432  0.155 0.362 0 1
Proportion listed 41,432 0.147 0.305 0 1
At least one listed 41,432 0.258 0.438 0 1
Enrolled 41,432 0.136 0.343 0 1

Note. Summary statistics for the estimation sample of 41,432 students, drawn from 2024 PAES registrants who
declared an interest in education or social sciences careers and consented to be contacted by Elige Educar. See

Section 4.1 for outcome and covariate definitions.
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Table 2: Covariates Balance Check

Human Chatbot Control Human vs. Chatbot vs. Chatbot vs.
Mean Mean Mean Control Control Human
Female 0.650 0.651 0.650 0.000 0.001 0.001
(0.005)  (0.003)  (0.004) (0.007) (0.005) (0.006)
Public high school 0.362 0.360 0.357 0.005 0.003 —0.002
(0.005)  (0.004)  (0.004) (0.007) (0.005) (0.006)
Subsidized private high school =~ 0.572 0.572 0.572 0.000 0.000 0.000
(0.005)  (0.004)  (0.004) (0.007) (0.006) (0.007)
Private high school 0.066 0.068 0.071 —0.005 —0.003 0.002
(0.003)  (0.002)  (0.002) (0.003) (0.003) (0.003)
Technical-Vocational school 0.264 0.258 0.256 0.008 0.002 —0.006
(0.005)  (0.003)  (0.004) (0.008) (0.001) (0.007)
GPA score (NEM) 679.2 683.2 684.2 —4.918** —0.984 3.934*
(1.813)  (1.226)  (1.433)  (2.248) (1.791) (2.146)
Ranking score 692.6 696.4 697.6 —4.997** —1.209 3.788*
(1.926)  (1.300)  (1.521) (2.399) (1.911) (2.291)
Average math and verbal test 517.7 518.5 522.0 —4.319 —3.543 0.776
(2.355)  (1.602)  (1.854) (3.013) (2.434) (2.885)
Age 20.40 20.33 20.31 0.090 0.027 —0.064
(0.056)  (0.036)  (0.041) (0.067) (0.052) (0.065)
Chilean nationality 0.823 0.823 0.830 —0.007 —0.007* —0.001
(0.004)  (0.003)  (0.003) (0.005) (0.004) (0.005)
Indigenous ethnicity 0.144 0.148 0.151 —0.007 —0.002 0.004
(0.004)  (0.002)  (0.003) (0.005) (0.004) (0.005)
Metropolitan Region 0.357 0.363 0.366 —0.008 —0.003 0.006
(0.005)  (0.003)  (0.004) (0.007) (0.005) (0.006)
Rural municipality 1.394 1.403 1.400 —0.006 0.003 0.009
(0.007)  (0.005)  (0.006) (0.010) (0.008) (0.009)
Family income decile 4.237 4.267 4.327 —0.090** —0.060** 0.029
(0.027)  (0.018)  (0.021) (0.035) (0.028) (0.033)
RI p-value 0.102 0.650 0.469
Observations 8,283 18,727 14,422

Note. Balance across the three experimental arms for the estimation sample of 41,432 students. Each difference

reports the OLS coefficient from a regression of the covariate on a treatment indicator. Columns (4) and (5) use

the control group as the omitted category; column (6) uses the human arm as the omitted category. The bottom

rows report p-values computed via randomization inference following Kerwin et al. (2024). Robust standard

errors are shown in parentheses. See Section 4.1 for variable definitions. * p < 0.10. ** p < 0.05. *** p < 0.01.

28



Table 3: Covariates Balance Check by Interest Group — Panel A: Students interested in

education
Human Chatbot Control Human vs. Chatbot vs. Chatbot vs.
Mean Mean Mean Control Control Human
Female 0.662 0.655 0.648 0.013 0.006 —0.007
(0.007)  (0.005)  (0.005) (0.009) (0.007) (0.008)
Public high school 0.392 0.392 0.393 —0.001 —0.001 0.000
(0.007)  (0.005)  (0.006) (0.009) (0.007) (0.009)
Subsidized private high school  0.567 0.564 0.559 0.008 0.006 —0.002
(0.007)  (0.005)  (0.006) (0.009) (0.008) (0.009)
Private high school 0.042 0.044 0.048 —0.007* —0.005 0.002
(0.003)  (0.002)  (0.002) (0.004) (0.003) (0.004)
Technical-Vocational school 0.293 0.287 0.292 0.000 —0.002 —0.002
(0.007)  (0.004)  (0.005) (0.009) (0.007) (0.008)
GPA score (NEM) 670.779 674.515 675.661 —4.882 —1.146 3.736
(2.392)  (1.588)  (1.840) (3.017) (2.431) (2.871)
Ranking score 684.484 687.882 689.365 —4.881 —1.483 3.397
(2.563)  (1.701)  (1.969) (3.232) (2.602) (3.076)
Average math and verbal test 498.733 503.028 505.611 —6.878* —2.583 4.295
(3.278)  (2.206)  (2.536) (4.144) (3.362) (3.951)
Age 20.455 20.310 20.279 0.137 0.029 —0.108
(0.078)  (0.048)  (0.054) (0.095) (0.072) (0.092)
Chilean nationality 0.831 0.826 0.838 —0.007 —0.007 0.000
(0.005)  (0.004)  (0.004) (0.007) (0.005) (0.007)
Indigenous ethnicity 0.144 0.155 0.156 —0.012* 0.000 0.012*
(0.005)  (0.004)  (0.004) (0.007) (0.005) (0.006)
Metropolitan Region 0.330 0.326 0.326 0.002 0.000 —0.003
(0.007)  (0.005)  (0.005) (0.009) (0.007) (0.008)
Rural municipality 1.430 1.430 1.435 —0.011 —0.001 0.010
(0.011)  (0.007)  (0.008) (0.014) (0.011) (0.013)
Family income decile 4.183 4.231 4.278 —0.095** —0.048 0.048
(0.036)  (0.024)  (0.028) (0.045) (0.037) (0.043)
RI p-value 0.237 0.950 0.362
Observations 4,670 10,288 7,781

Note. Balance across the three experimental arms by declared career interest, for the estimation sample of
41,432 students after excluding students who did not sit the PAES (361) and those who opted out (1,743). Each

difference reports the OLS coefficient from a regression of the covariate on a treatment indicator. Columns (4)

and (5) use the control group as the omitted category; column (6) uses the human arm as the omitted category.

The bottom row report p-values computed via randomization inference following Kerwin et al. (2024). Robust

standard errors are shown in parentheses. See Section 4.1 for variable definitions. * p < 0.10. ** p < 0.05. ***

p < 0.01.
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Table 4: Covariates Balance Check by Interest Group — Panel B: Students interested in social

sciences
Human Chatbot Control Human vs. Chatbot vs. Chatbot vs.
Mean Mean Mean Control Control Human
Female 0.634 0.647 0.651 —0.017* —0.005 0.013
(0.008)  (0.005)  (0.006) (0.010) (0.008) (0.010)
Public high school 0.323 0.320 0.314 0.009 0.005 —0.003
(0.008)  (0.005)  (0.006) (0.010) (0.008) (0.009)
Subsidized private high school  0.578 0.581 0.587 —0.009 —0.006 0.003
(0.008)  (0.005)  (0.006) (0.010) (0.008) (0.010)
Private high school 0.098 0.099 0.099 —0.000 0.000 0.001
(0.005)  (0.003)  (0.004) (0.006) (0.005) (0.006)
Technical-Vocational school 0.224 0.216 0.212 0.012 0.004 —0.009
(0.007)  (0.004)  (0.005) (0.009) (0.007) (0.008)
GPA score (NEM) 690.186 693.740 694.123 —3.937 —0.383 3.554
(2.711)  (1.737)  (1.987) (3.361) (2.639) (3.220)
Ranking score 703.154 706.820 707.303 —4.149 —0.482 3.667
(2.880) (1.849) (2.113) (3.571) (2.808) (3.422)
Average math and verbal test 542.166 537.260 541.197 0.969 —3.937 —4.906
(3.454)  (2.326) (2.613) (4.330) (3.498) (4.163)
Age 20.160 20.163 20.146 0.014 0.017 0.003
(0.075)  (0.050)  (0.055) (0.093) (0.074) (0.090)
Chilean nationality 0.805 0.804 0.813 —0.008 —0.009 —0.001
(0.007)  (0.004)  (0.005) (0.008) (0.006) (0.008)
Indigenous ethnicity 0.142 0.137 0.143 —0.001 —0.006 —0.006
(0.006)  (0.004)  (0.004) (0.007) (0.006) (0.007)
Metropolitan Region 0.391 0.405 0.409 —0.018* —0.004 0.014
(0.008)  (0.005)  (0.006) (0.010) (0.008) (0.010)
Rural municipality 1.340 1.351 1.345 —0.005 0.006 0.011
(0.011)  (0.007)  (0.008) (0.014) (0.011) (0.013)
Family income decile 4.307 4.310 4.384 —0.077 —0.073* 0.003
(0.044)  (0.029)  (0.033) (0.055) (0.044) (0.053)
RI p-value 0.313 0.741 0.552
Observations 3,613 8,439 6,641

Note. Balance across the three experimental arms by declared career interest, for the estimation sample of
41,432 students after excluding students who did not sit the PAES (361) and those who opted out (1,743). Each

difference reports the OLS coefficient from a regression of the covariate on a treatment indicator. Columns (4)

and (5) use the control group as the omitted category; column (6) uses the human arm as the omitted category.

The bottom row report p-values computed via randomization inference following Kerwin et al. (2024). Robust

standard errors are shown in parentheses. See Section 4.1 for variable definitions. * p < 0.10. ** p < 0.05. ***

p < 0.01.
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Table 5: Intent-to-Treat Effects on Application and Enrollment Outcomes

(1) (2) (3) (4)

Ranked First Proportion Listed at Least Once Enrollment

Panel A. Students interested in education

Treat Chatbot 0.014**t 0.011*t 0.007 0.006
(0.006) (0.005) (0.006) (0.005)
Treat Human 0.011 0.006 0.000 0.011*
(0.007) (0.006) (0.007) (0.006)
p-value (Chatbot = Human) 0.670 0.424 0.284 0.478
R? 0.248 0.297 0.427 0.346
Observations 22,739

Panel B. Students interested in social sciences (not education)

Treat Chatbot 0.001 0.001 0.004 0.001
(0.002) (0.002) (0.004) (0.002)
Treat Human —0.002 —0.001 —0.001 —0.001
(0.003) (0.002) (0.005) (0.003)
p-value (Chatbot = Human) 0.406 0.412 0.357 0.345
R? 0.018 0.038 0.059 0.027
Observations 18,693

Panel C. Full estimation sample

Treat Chatbot 0.006* 0.005 0.004 0.002
(0.003) (0.003) (0.004) (0.003)
Treat Human 0.004 0.001 —0.003 0.005
(0.004) (0.004) (0.005) (0.004)
p-value (Chatbot = Human) 0.535 0.341 0.155 0.438
R? 0.248 0.292 0.359 0.278
Observations 41,432

Notes: OLS estimates from equation (1). Panels A and B restrict the estimation sample to students who,
at PAES registration, declared interest in education or in social sciences (but not education), respectively;
Panel C pools both groups. The dependent variables are: (1) an indicator for listing an education program
first in the student’s choice set; (2) the share of education programs in the choice set; (3) an indicator for
listing at least one education program; and (4) an indicator for enrolling in an education program. All
specifications include the full set of individual controls (GPA score, ranking score, average PAES score,
age, school type, nationality, and indigenous status) as well as fixed effects for randomization strata, family
income decile, Metropolitan Region, rurality, and missing-value indicators. “p-value (Chatbot = Human)”
reports the test of equality between the two treatment coefficients. Robust standard errors are in paren-
theses.

*p < 0.10, ** p < 0.05, *** p < 0.01. T indicates that the coefficient remains significant at the 10% level
after applying the Benjamini and Hochberg (1995) false discovery rate correction within each treatment
arm, treating the outcomes in each panel as the family of hypotheses (m = 4). See Benjamini and Hochberg
(1995) and Anderson (2008). 31



10 Figures

Share ranking an education major first, by counselor
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Figure 1: Share of students ranking an education major first, by counselor

Notes: The figure reports the mean of Ranked first, an indicator equal to one if the student listed an education
major as their first-choice university-program combination, for each human counselor (blue bars) and Kai

(salmon bar). We include students who declared an interest in education careers at PAES registration, leaving
out those who opted out or did not sit the PAES. The outcome is measured for each student, whether or not we

observe a conversation. The dashed horizontal line is the simple average of the human-counselor means shown.
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Figure 2: Number of messages per student, by speaker and total

Notes: The figure shows the distribution of the number of messages per student across treatment arms, broken
down by speaker. Panel (a) counts messages sent by the student, Panel (b) messages sent by the counselor
(chatbot or human), and Panel (c¢) the total number of messages exchanged by the student and counselor.
There is one observation per student, and messages are counted over all days we observe. A message groups
consecutive entries sent by the same participant within 30 seconds, with no reply from the other side in
between. We include students who declared an interest in education careers at PAES registration, sat the
PAES, and had at least one observed interaction, and exclude those who opted out of further contact. Boxes
show the interquartile range (IQR) and the median, and the white diamond is the mean. Whiskers reach the
most extreme observation within 1.5xIQR of the box. Outliers are not shown. For a more detailed and

technical description of the data construction and classification procedures, see Appendix A.
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Figure 3: Topic breadth by treatment arm

Notes: The figure shows the distribution of topic breadth across treatment arms, measured as the number of
distinct subtopics detected in each student’s conversation, pooling content across all observed days. Each
observation is a student. The sample includes students who declared an interest in education careers at PAES
registration, sat the PAES, and had at least one observed interaction; students who opted out of further
contact are excluded. Each box spans the interquartile range (IQR) and marks the median, with the mean as
a white diamond. Whiskers go out to the most extreme observation within 1.5xIQR of the box, and outliers

are not plotted. For a more detailed and technical description of the data construction and classification

procedures, see Appendix A.
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Figure 4: Prevalence of Conversation Topics by Treatment Arm

Notes: The figure reports, for each treatment arm, the share of students who addressed each subcategory. A
subcategory is coded 1 for a student if at least one of their messages across all observed days addresses that
topic. Topics are grouped into three macro-categories: admissions and application process (subcategories 1-7),
career and professional outlook (8-15), and vocational guidance (16-18). The sample includes students who
declared an interest in education careers at PAES registration, sat the PAES, and had at least one observed
interaction; students who opted out of further contact are excluded. For a more detailed and technical

description of the data construction and classification procedures, see Appendix A.
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Figure 5: Share of student turns classified as factual or subjective, by treatment arm

Notes: The figure reports, for each treatment arm, the mean share of each student’s turns classified as factual
or subjective. Each share is calculated using all observed student turns across all days. Classifications are
based on the fine-tuned text classifier applied to student turns. The sample includes students who declared an
interest in education careers at PAES registration, sat the PAES, and had at least one observed student turn;
students who opted out of further contact are excluded. Error bars indicate 95% confidence intervals. For a

more detailed and technical description of the data construction and classification procedures, see Appendix A.
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Figure 6: Conversation duration

Notes: The figure shows the distribution of total conversation duration per student across treatment arms,
measured in minutes. Duration per student is the sum, over observed days, of the time between the start of
the student’s first turn and the end of their last turn that day (pauses included, gaps between days excluded).
Each observation is a student. The sample includes students who declared an interest in education careers at
PAES registration, sat the PAES, and had at least one observed interaction; students who opted out of further
contact are excluded. Boxes show the interquartile range (IQR) and the median; the white diamond marks the
mean; whiskers extend to the most extreme observations within 1.5xIQR of the box, and outliers are
suppressed for readability. For a more detailed and technical description of the data construction and

classification procedures, see Appendix A.
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Figure 7: Counselor Response Time by Treatment Arm

Notes: The figure shows the distribution of counselor response times across treatment arms, measured in
minutes from the end of a student turn to the start of the immediately following counselor turn within the
same student-day. Responses to the first student turn of each day are excluded. Each observation is an eligible
student-to-counselor transition. Kai’s response times are set to zero. The sample includes students who
declared an interest in education careers at PAES registration, sat the PAES, and had at least one observed
interaction; students who opted out of further contact are excluded. Boxes show the interquartile range (IQR)
and the median; the white diamond marks the mean; whiskers extend to the most extreme observations within
1.5xIQR of the box, and outliers are suppressed for readability. For a more detailed and technical description

of the data construction and classification procedures, see Appendix A.
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Figure 8: Student-to-student gap

Notes: The figure shows the distribution of student-to-student gaps across treatment arms, measured in
minutes from the end of a student’s previous turn to the start of their next turn within the same student-day.
Each observation is the gap between consecutive student turns. The sample includes students who declared an
interest in education careers at PAES registration, sat the PAES, and had at least one observed interaction;
students who opted out of further contact are excluded. Boxes show the interquartile range (IQR) and the
median; the white diamond marks the mean; whiskers extend to the most extreme observations within
1.5xIQR of the box, and outliers are suppressed for readability. For a more detailed and technical description

of the data construction and classification procedures, see Appendix A.
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Figure 9: Time to the first informative exchange

Notes: The figure shows the distribution of time until the first informative student turn across treatment
arms, measured in minutes from the start of the first student turn to the start of the first student turn
classified as factual or subjective within the same student-day. Each observation is a student-day with at least
one such informative turn. The sample includes students who declared an interest in education careers at
PAES registration, sat the PAES, and had at least one observed interaction; students who opted out of further
contact are excluded. Boxes show the interquartile range (IQR) and the median; the white diamond marks the
mean; whiskers extend to the most extreme observations within 1.5xIQR of the box, and outliers are
suppressed for readability. For a more detailed and technical description of the data construction and

classification procedures, see Appendix A.
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Figure 10: Subject and counselor coherence per student

Notes: The figure shows the distribution of subject coherence (left) and counselor coherence (right), measured
using cosine similarity for counselor-to-student and student-to-counselor prompt-and-reply pairs, respectively.
Each observation is a student: coherence is calculated as the mean similarity across all eligible pairs involving
that student across all observed days. Pairs containing automatic button-click acknowledgements are
excluded. The sample includes students who declared an interest in education careers at PAES registration,
sat the PAES, and had at least one observed interaction; students who opted out of further contact are
excluded. Boxes show the interquartile range (IQR) and the median; the white diamond marks the mean;
whiskers extend to the most extreme observations within 1.5xIQR. of the box, and outliers are suppressed for
readability. For a more detailed and technical description of the data construction and classification

procedures, see Appendix A.
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Figure 11: Quality means by treatment arm

Notes: The figure reports, for each treatment arm, the mean predicted quality coefficient for motivation,
informativeness, and empathy. For each dimension, the training target is the mean of its applicable
sub-dimension scores on a 1-3 scale. These composites are predicted directly using a separate regressor for
each dimension, selected between random forest and gradient boosting by 5-fold cross-validated MAE. The
selected models are random forest for motivation and empathy, and gradient boosting for informativeness.
Models are trained on hand-labeled conversations, and quality predictions are reported only for conversations
classified as applicable by an upstream model. Each observation is a student, with conversation content pooled
across all observed days. The sample includes students who declared an interest in education careers at PAES
registration, sat the PAES, and had at least one observed interaction; students who opted out of further
contact are excluded. Bars indicate the arm-level mean and whiskers the 95% confidence interval. For a more

detailed and technical description of the labeling, classification, and aggregation procedures, see Appendix A.
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Figure 12: Counselor-level performance distribution and Kai’s position across conversation
metrics

Notes: The figure reports the mean of each metric for each human counselor (blue bars, sorted ascending)
together with Kai’s mean (salmon bar, inserted in the same sort order). Message counts and factual and
subjective shares are calculated per student across all observed days. Counselor response time is the time
between the end of a student turn and the start of the counselor turn that follows it on the same day; we drop
responses to the student’s first turn of each day. The student-to-student gap is the time from the end of one
student turn to the start of the same student’s next turn that day, keeping only strictly positive gaps. All
eligible responses and gaps are weighted equally. Conversation duration is measured from the start of the first
student turn to the end of the last student turn within each student-day, then summed across all observed
days for each student. Time to the first informative exchange is measured from the start of the first student
turn to the start of the first factual or subjective student turn within each student-day, excluding days without
an informative turn. Counselor and subject coherence are mean cosine similarities across eligible
student-to-counselor and counselor-to-student message pairs, respectively, within each student, excluding
automatic button-click acknowledgements. Composite quality scores are predicted regressor outputs for
students whose pooled conversation content is classified as applicable. Topic breadth is the count of distinct
subcategories detected across each student’s observed days. Whiskers show 95% confidence intervals. Human
counselors are shown if they have at least two valid observations for the corresponding metric. The dashed
horizontal line marks the simple average of the displayed human-counselor means. The sample includes
students who declared an interest in education careers at PAES registration, sat the PAES, and had at least
one observed interaction; students who opted out of further contact are excluded. For a more detailed and

technical description of the data construction, classification, and aggregation procedures, see Appendix A.
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Figure 13: Comparison between Kai and human counselors

Notes: The figure reports, for each metric, the number of human counselors classified as statistically above
Kai, indistinguishable from Kai, or below Kai. For each counselor, we compare their observations with Kai’s
using a two-sample t-test with equal variances (o = 5%), without adjusting for multiple comparisons. “Above”
and “below” refer to the numeric sign of the difference. Metrics are defined as in Figure 12. We compare all 45
human counselors, and a test needs at least two valid observations. The sample includes students who
declared an interest in education careers at PAES registration, sat the PAES, and had at least one observed
interaction; students who opted out of further contact are excluded. For a more detailed and technical

description of the metric construction, classification, and inference procedures, see Appendix A.
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Appendix

A Technical Appendix

This appendix documents the construction of the conversational measures used in the Mecha-
nisms section of the paper. We work only with the anonymized WhatsApp logs. Some measures
are computed per session (one student on one date) and others per conversation, which pools
all of a student’s sessions. The pipeline is implemented in Python, relying on transformers
(Wolf et al., 2020), sentence-transformers (Reimers and Gurevych, 2019), PyTorch (Paszke
et al., 2019), and scikit-learn (Pedregosa et al., 2011).

A.1 From raw messages to analytic turns

A.1.0.1 Message-burst collapsing. A single WhatsApp message is often a fragment: a
greeting, then the question, then a clarification, each sent separately. Counting fragments would
inflate message counts and distort timing and content measures. We merge them into turns.
Consecutive messages from the same participant belong to one turn if (i) fewer than 30 seconds
separate them and (ii) the other participant has not written in between. The turn’s text is
the messages joined by line breaks, and it starts with the first message and ends with the last.

Everything downstream (message counts, response times, embeddings) is computed on turns.

A.1.0.2 Units of observation. A session is one student on one date, identified by
(student_id, date). A student contacted on two dates has two sessions. Timing measures
(duration, response time) are defined per session. A conversation is identified by student_id
alone and pools all of the student’s sessions. We compute content, coherence, and quality
indicators per conversation, which is also the level at which human raters scored quality (see
Section A.6).

A.1.0.3 Sample restrictions. We drop students who opted out, together with all their
conversations. We also keep only sessions (student-days) with at least one student turn and at

least one counselor turn, which removes days when the student did not reply.

A.2 Interaction volume and timing

All timing measures are computed on burst-collapsed turns.

o (Conversation length: total turns exchanged; we also report student and counselor turn

counts separately.
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e (Conversation duration: For each student-day, minutes between the start of the first stu-
dent turn and the end of the last student turn. Daily durations are summed across all

observed days to obtain cumulative conversation duration per student.

e counselor response time: for every counselor turn whose immediately preceding turn
in the same session is a student turn, the minute gap between the student’s turn end
and the counselor’s turn start. For the Kai arm, this gap is set to zero: API-level
latency is negligible at the minute resolution at which the human arm operates and would
otherwise contribute only machine-precision jitter. Since Human tutors have working
hours, responses to the first student turn of each day are excluded to avoid compute

response to contacts outside working time.

o Student-to-student gap: for every non-initial student turn, the minutes elapsed since the
end of the previous student turn within a student-day. This captures how long the student

remains engaged in the dialogue.

A.3 Evaluation metrics

Throughout Sections A.4 and A.6 we report the same battery of out-of-sample classification

metrics, defined below for reference.

e Accuracy: share of predictions that exactly match the true label. It is an unweighted
average over examples; it is not robust to class imbalance and can be misleadingly high

when one class dominates.

e Macro-F1: an imbalance-robust counterpart to accuracy. For each class ¢, let TP,., FP,
and FN, denote the number of true positives, false positives and false negatives. Precision
and recall for class ¢ are

TP TP
P =—-—°< = ¢
¢ TP.+FP.’ Re TP. + FN,.’

and the per-class F1. is their harmonic mean, F1. = 2P.R./(P. + R.); intuitively, F1,.
is high only when the classifier both identifies most true class-c examples and does not

over-predict the class. Macro-F1 averages the per-class F1 scores,
| X
F1=— E F1.,
macro 7 2

so every class counts the same no matter its size. Accuracy, which here equals micro-F1,
weights examples instead of classes and can be driven almost entirely by the majority

class. Take a dimension on which 90% of conversations are not applicable. Predicting
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“not applicable” every time gives 90% accuracy and no information about the other 10%.
Under macro-F1 the minority class keeps a weight of 1/K, so this classifier scores poorly.

We select models by macro-F1 throughout the appendix.

e Regression metrics. For continuous (composite) targets we report mean absolute error
(MAE = £ 3. |yi — 9i]), root-mean-squared error (RMSE = \/% > (Wi — 9:)?), the coef-
ficient of determination R* =1 — >, (y; — 9:)*/ >_;(y; — y)?, and Pearson and Spearman

correlations (r, p) between predictions and labels. MAE and RMSE are in composite
units (1 to 3). R? compares the model’s squared errors with those of predicting the
sample mean, and is negative when the model does worse. Pearson’s r captures linear
association. Spearman’s p uses ranks, which suits an ordinal scale where the relationship

may be monotone but not linear.

A.4 Content classification

A.4.0.1 Supervised factual / subjective. Each student message is labeled factual, sub-
jective, both, or neither. Factual messages ask for or give verifiable information (scores, dead-
lines, requirements), and subjective ones express an opinion, motivation, concern, or personal
experience. The labels come from a transformer-based classifier fine-tuned on about 900 hand-

labeled student messages addressed to counselors.

A.4.0.2 Base model and architecture. We use dccuchile/patana-chilean-spanish-bert
(Canete et al., 2023), a 12-layer, 768-hidden-unit BERT model (Devlin et al., 2019) pre-trained
on Chilean Spanish corpora that includes social-media and WhatsApp-like text. The architec-
ture adds a dropout layer (p = 0.2) and a two-logit linear classification head to BERT’s pooled
output. Following Sun et al. (2019), all parameters are fine-tuned, with AdamW (learning
rate 2e-5), batches of 16, five epochs, and inputs truncated at 128 tokens. Each label has its
own binary cross-entropy loss. A label is assigned when its sigmoid probability passes 0.5,

independently of the other label.

A.4.0.3 Evaluation. We split the labeled sample into a training set (80%) and a held-out
test set (20%), stratifying on the joint distribution of the two labels. Hyperparameters are
chosen by 5-fold stratified cross-validation within the training set. The test set is used only to

compute the metrics reported below.
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Table A-1: Patana multi-label classifier: Performance.

Label Accuracy Macro-F1
Factual 0.928 0.925
Subjective 0.940 0.530

A.4.0.4 Time to the first informative exchange. We define a student turn as important
if it is predicted to be factual or subjective by the classifier above. For each session, the time
to the first informative exchange is the number of minutes elapsed between the first student
turn and the first substantive student turn. This captures how quickly the exchange moves

past opening pleasantries toward informational content.

A.5 Semantic coherence via contextual embeddings

Building on recent text-as-data methods that represent language as high-dimensional vectors
(Ash and Hansen, 2023), we measure coherence as the cosine similarity between dense repre-

sentations of a prompt and its reply.

A.5.0.1 Pair construction. We go through each conversation’s turns in chronological or-
der and form input— output pairs. If the same role has several consecutive turns, we first join
them into one block, which is then paired with the next block from the other role. There is
one set of pairs for each direction. Counselor coherence (user-to-system) pairs each student
block with the counselor block that follows, so it measures how relevant the counselor’s reply is
to what the student just said. Subject coherence (system-to-user) pairs a counselor block with
the student block that follows it, and measures whether the student’s reply is topically aligned

with the counselor’s prompt rather than a generic acknowledgement.

A.5.0.2 Embedding model. We encode every input and output with
intfloat/multilingual-e5-large (Wang et al., 2024), a multilingual encoder trained
on a large collection of weakly-supervised text pairs. We chose it because it does well
on Spanish retrieval benchmarks and because it was trained for asymmetric retrieval with
a query:/passage: prefix convention, which fits our prompt-and-reply pairs. Following
that convention, we prepend query: to the input side and passage: to the output side.

Embeddings are Ls-normalized so that cosine similarity reduces to a dot product,

cos_sim(u, v) = (€, &,), ér = e/ ezl
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Cosine similarity is a standard measure of semantic relevance in information retrieval (?7) and

sentence-pair similarity (Reimers and Gurevych, 2019).

A.5.0.3 Coherence Examples: Low coherence.

Student: “I know it exists, but I don’t know the dates. I might be interested

because I like UFRO, but I'm not familiar with the requirements.”

Counselor: “Have you filled out the FUAS?”
High coherence

Student: “I would like to know whether at the Universidad Alberto Hurtado (UAH)
the degree in language teaching allows you to teach both at the primary and sec-

ondary levels.”

Counselor: “Yes, at the Universidad Alberto Hurtado (UAH), a degree in Lan-
guage Teaching qualifies you to teach at both the primary and secondary levels. The
program is designed to equip you with the skills needed to address the curriculum
at both stages. This includes teaching methodologies, lesson planning, and assess-
ment, allowing you to adapt to students’ needs at different stages of development.

Would you like to know more about the graduation process or the curriculum at
UAH?”

A.5.0.4 Engagement examples: Low engagement.

Counselor: “And of course, if you are applying through the FUAS, you may be

eligible for tuition-free funding.”

Student: “How long does the early childhood education degree last, or does it

depend on the university?”
High subject coherence.

Counselor: “Great! I'd like to ask you a couple of questions to better guide the
conversation. Are you currently in your final year of high school or have you already
graduated? Have you taken the PAES? And which teaching field are you interested
in?”’

Student: “I graduated this year, I already took the PAES, and I'm interested in

pursuing a degree in Language and Communication teaching.”

A.5.0.5 Aggregation. For each conversation, we average the cosine similarity over all its
pairs, separately for each direction. The two resulting measures, counselor coherence and subject

coherence, are what the mechanisms section reports.

55



A.6 Interpersonal-quality scoring

The mechanisms section quantifies motivation, informativeness, and empathy through a hybrid
human-in-the-loop pipeline. We also construct measures for patience and beliefs, but these are
not part of the main mechanisms itemization. We follow recent work that uses semi-supervised
ML to score open-ended text (Ash and Hansen, 2023; Gentzkow et al., 2019), and adapt it to
WhatsApp counseling dialogues.

A.6.0.1 Rater recruitment and sessions. Rating took place in two structured sessions
of about five hours each, on August 22 and August 29, 2025. We recruited 13 undergraduate
psychology students from the Pontificia Universidad Catoélica de Chile for the task. Three iden-
tified as male and ten as female, and seven were in their fourth year of study and six in their
third. Eleven of the thirteen had research experience. Conversations were shown with no indi-
cation of the arm, so raters were blind to treatment. Before scoring, they received standardized
training on the instrument (the definitions of each dimension and sub-dimension, the four-point
ordinal scale, and the not-applicable flag), and each session opened with a calibration exercise

on anchor examples.

A.6.0.2 Human annotation. Raters scored a random sample of about 900 full conver-
sations. There are ten ordinal dimensions in five constructs. Patience has two: tolerance of
repeated questions, and no rushing or dismissive language. Motivation also has two (explicit en-
couragement toward teaching, general verbal support), as does informativeness (accuracy and
completeness, clarity and pedagogical structure). Beliefs is a single dimension, whether the
counselor elicits or addresses the student’s beliefs about teaching. Empathy has three: warmth
and emotional acknowledgement, understanding of the student’s situation, and probing of the
student’s concerns. Each is scored on a three-point scale. Following standard practice in content
analysis (Krippendorff, 2018), a dimension can be marked not applicable if the conversation is
too short or off-topic to judge. We use the median rating for each conversation and dimension

(robust to a single outlying rater).

A.6.0.3 Feature construction. We then predict these labels for all conversations with a
supervised classifier, using features built for counseling dialogues.

Role-decomposed BERT embeddings. We compute four patana-chilean-spanish-bert em-
beddings per conversation and concatenate them. They cover (i) the full text, with counselor
and student turns interleaved; (ii) the counselor turns; (iii) the student turns; and (iv) the stu-
dent’s last turn, which reflects the closing sentiment and any request left unresolved. We pool
by taking the attention-masked mean of the last hidden layer. Reimers and Gurevych (2019)
show that this does substantially better than [CLS] pooling on sentence-level tasks when the
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encoder has no fine-tuned classification head. Empathy is mostly visible in the counselor’s
words. Beliefs and motivation more often surface in what students disclose, which counselors
may or may not pick up on. A single embedding of the whole conversation would dilute both
signals, which is why we embed the roles separately.

Handcrafted counselor features. Next to the embeddings, we count specific behaviors in the
counselor’s text with regex dictionaries taken from the literature on effective counseling commu-
nication. The counts cover volume and pacing (number of turns, turn lengths, counselor-to-user
ratio), patience markers (calma, tranquilo/a, paso a paso), repetition markers (de nuevo, otra
vez), motivation markers (puedes, excelente, buen trabajo) and exclamation-mark counts, infor-
mativeness markers (porque, concepto, definicion, explicar) and question-mark counts, warmth
markers (entiendo, comprendo, me imagino), understanding markers (claro, veo, perfecto),
exploration markers (qué piensas, por qué crees, qué opinas) and an open-question pattern,
example markers (ejemplo), logical connectors (entonces, por lo tanto), and lexical-complexity
proxies (average word length, share of long words). The scaler that standardizes these counts
is fit on the labeled subsample only and then applied to all conversations, to avoid information
leakage. Concatenating the four embeddings with the standardized counts gives each conver-

sation’s final feature vector.

A.6.0.4 Two-stage model. Two features of the labels complicate prediction. Quality
dimensions are ordinal and correlated across constructs, and several are heavily imbalanced
(the top category is rare). The model has two stages, a binary gate and, for conversations that
pass it, one continuous regressor per conceptual group.

Stage 1: applicability gate. Some conversations are too thin to score. A Gradient Boosting
Classifier (Friedman, 2001) identifies them, with applicable as the positive class. Conversations
it labels not applicable get no Stage 2 score and are coded missing in the distributions we
report.

Stage 2: composite regressor. For each conceptual group, a regression model predicts the
conversation-level composite directly. We do not classify sub-dimensions one by one and average

them. For group ¢ and conversation ¢, the labeled composite is

Zdeg: Y;qFmissing Yid
Uig = ZdEg 1{y;q # missing}

if 3d € g such that y;; # missing,

missing otherwise.

When some sub-dimensions are inapplicable or missing, the composite averages only the re-
maining ones. If all sub-dimensions in a group are missing, the composite is missing, and the
conversation is dropped from that group’s training sample. We train the regressor on the la-

beled, non-missing (¥, 2;) pairs and predict g, for every conversation that the Stage 1 gate
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flags as applicable. For each group we fit both a Random Forest regressor (Breiman, 2001) and
a Gradient Boosting regressor (Friedman, 2001), and keep the family and hyperparameters with
the lowest five-fold cross-validated MAE on the training fold, using folds stratified on tertiles

of the composite.

A.6.0.5 Model selection and validation. Validation works the same way in both stages.
An 80/20 split of the labeled sample, stratified on the applicability label, sets aside a test
set that is never used for training or model selection. Inside the 80% fold, we run five-fold
stratified cross-validation with a grid search. The gate is scored on macro-F1, which penalizes
ignoring the minority class, and the Stage 2 regressors on MAE, the prediction error in the
units of the composite. The gate’s grid covers the number of estimators, maximum depth,
and learning rate of a Gradient Boosting classifier. In Stage 2 we run two grid searches per
group, one over Random Forest regressors (number of trees, maximum depth) and one over
Gradient Boosting regressors (number of trees, maximum depth, learning rate), and keep the
winner. The selected configurations are evaluated once on the 20% test set. The predictions
in the main text come from refitting them on the whole 80% fold and applying them to every

conversation the Stage 1 gate flags as applicable.

A.6.0.6 Applicability-gate performance. Cross-validation selects the Gradient Boost-
ing hyperparameters n.s = 300, dmax = 3, and /7 = 0.1, with a five-fold CV macro-F1 of
0.883. Table A-2 reports the gate’s performance on the 20% held-out test set. Of the 9,327
conversations in the full sample, the gate flags 3,140 (33.7%) as applicable for Stage-2 quality

scoring.

Table A-2: Applicability gate: held-out performance.

Accuracy Macro-F1

Applicability gate 0.886 0.885

A.6.0.7 Per-group Stage-2 performance. For each conceptual group, Table A-3 reports
the model family selected by cross-validation and its MAE, RMSE, R?, Pearson 7, and Spear-
man p on the 20% held-out set. Table A-4 groups predicted and true composites into Low
(< 1.5), Medium (1.5-2.5), and High (> 2.5), and reports how often the prediction falls in
the right bucket or within one bucket of it. Motivation, informativeness, and empathy, the
groups with several dimensions, reach Pearson correlations of 0.6 to 0.8 with the human labels,
with correspondingly high bucket accuracy. Patience and beliefs do worse. Patience barely

varies across the labeled conversations, leaving the regressor little to work with, and beliefs is
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almost binary (very few conversations explicitly elicit student beliefs), so a continuous model

is unnecessary. We treat both as auxiliary measures.

Table A-3: Stage-2 composite-regressor performance on the held-out (20%) test set.

Group Family MAE RMSE R? Pearson r Spearman p
Patience GBT 0.366  0.476 —0.143 0.083 0.184
Motivation RF 0.441  0.536 0.386 0.651 0.527
Informativeness GBT 0.384  0.465 0.407 0.638 0.556
Beliefs RF 0.072  0.142 -0.127 —0.037 0.115
Empathy RF 0.459  0.569 0.551 0.802 0.668

Table A-4: Composite-regressor bucket accuracy — held-out (20%) test set.

Group Exact bucket Within 4+1 bucket
Patience 0.652 0.971
Motivation 0.371 1.000
Informativeness 0.732 0.986
Beliefs 1.000 1.000
Empathy 0.719 1.000

From composites to indices. The empathy, motivation, and informativeness indices in the
mechanisms section are the predictions of the corresponding Stage-2 regressors, one per group
and conversation, with no further transformation. Conversations the Stage-1 gate flags as not
applicable are missing, and arm-level means cover only conversations where the construct is
well defined.

Non-applicable sub-dimensions are likewise left out of the composite targets. A conversation
that scores positively on one sub-dimension and is missing another is scored on the first alone,
instead of being pulled toward the middle of the scale.

Whether a sub-dimension is not applicable depends on where the student takes the conver-
sation and on the opportunities that come up in it. Inapplicability thus reflects the context of
the interaction and says nothing about the counselor’s performance. We exclude these cases
from the aggregation so that counselors are not penalized on dimensions they had no chance

to show.

A.7 Topic classification

A.7.0.1 Taxonomy construction. The topic taxonomy was constructed following an in-

ductive, Al-assisted thematic analysis approach Naeem et al. (2025). Conversations were first
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anonymized by removing any information that could identify the student or the human coun-
selor, including names, gender, age, and place of residence. We then used Claude as an inductive
coding assistant to identify recurrent themes in the conversation logs. We asked the model to
propose candidate themes based on a random sample of conversations, merge overlapping ones,
and group them into macro-categories consistent with Elige Educar’s program guidelines. We
used the model only for this first pass over a large corpus. The resulting taxonomy then went
through several rounds of human review, revision, and validation. In this process, the pro-
posed categories were reviewed against the conversation logs and the program’s conceptual
framework, merging two pairs of overlapping themes and splitting one category that conflated
distinct student concerns. The final taxonomy comprises 18 subcategories nested within three
macro-categories: (1) admissions and application process (application process, entry require-
ments, scholarships and financial aid, university inquiries, administrative inquiries, PAES con-
cerns, and the Teaching Vocation Scholarship (BVP)); (2) career and professional outlook (the
teaching degree, labor market prospects, curricula, professional internships, accreditation and
program quality, compatibility with work, academic demands, and other careers); and (3) voca-

tional guidance (personal experiences, vocational orientation, and conversational interactions).

A.7.0.2 Automated topic classification. Conversations were classified into the 18 sub-
categories using the ChatGPT API (model gpt-40-mini-2024-07-18), with temperature set
to 0 and a fixed seed (42) to ensure replicability. We classified each message and then aggre-
gated to the conversation level, coding a subcategory as 1 if at least one student message in
the conversation addresses it.

The prompt told the model to classify only what students wrote and to ignore the replies
of counselors and the chatbot. Without this instruction, the model tended to classify the
counselor’s replies. For instance, if a student asked about scholarships in general and the
counselor answered with details on the Teaching Vocation Scholarship (BVP), the model would
wrongly record that the student was interested in the BVP. The final prompt therefore states
this rule prominently at the start. It also includes six examples from this setting of correct
and incorrect classification, with an emphasis on hierarchically related categories, a reference
example placed right before each conversation, and sharper definitions for pairs of subcategories
with similar meanings.

We revised the prompt over seven cycles. In each one, we classified a pilot set of 500
conversations, read the output to find systematic errors, changed the prompt to fix them, and
ran the pilot again. The counselor-versus-student error described above came up in the first
cycle. Later cycles dealt with over-classification (we flagged any conversation assigned ten or
more subcategories) and with logical inconsistencies between hierarchically related categories,
for example a conversation coded for the BVP but not for its parent category, scholarships

and financial aid. After each revision, and before running the classifier on all conversations, an
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automated function checked the output for critical errors and computed distributional health

metrics.

A.7.0.3 Classification prompt. The final classification prompt used in the automated

pipeline is reproduced below.*

Listing 1: Topic classification prompt (final version)

Eres un clasificador de mensajes educativos.

REGLA DE ORO: Clasifica SOLO lo que el ESTUDIANTE/USUARIO
pregunta , menciona o dice. NUNCA clasifiques lo que el

counselor /CHATBOT/KAI responde o explica.
—— PROCESO —

PASO 1: Identificar si la conversacion trata sobre pedagogia
La decision se basa UNICAMENTE en los mensajes del ESTUDIANTE.

Ignora completamente lo que dice el counselor/Kai.

es_sobre_pedagogia = 1 SOLO si el estudiante hace al menos UNA

de estas cosas:

— Escribe texto natural confirmando interes (”si”, "me
interesa”, ”"quiero estudiar pedagogia”, etc.)

— Menciona explicitamente una carrera de pedagogia con sus
propias palabras

— Hace una pregunta sobre pedagogia, universidades, becas,

postulacion , etc.

es_sobre_pedagogia = 0 en TODOS estos casos:

— El estudiante no envia ningun mensaje de texto (solo
selecciona botones sin contenido propio)

— El estudiante no responde nada

— Solo el counselor/Kai habla sobre pedagogia, pero el estudiante
no confirma ni pregunta nada

— El estudiante responde con saludos unicamente (”hola”,

7gracias”) sin referencia a pedagogia

4The word “counselor” in the prompt appears exactly as in the version we ran, and matches the term used
in the rest of the paper.
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REGLA CLAVE: Si no hay mensajes de texto del estudiante que

demuestren interes o consulta activa —> es_sobre_pedagogia = 0

PASO 2: Extraer SOLO los mensajes del ESTUDIANTE/USUARIO

Ignora completamente los mensajes del counselor /KAIL

PASO 3: Clasificar cada mensaje del ESTUDIANTE en las

categorias que apliquen
——= CATEGORIAS —=

POSTULACION Y ADMISION :

1. proceso_postulacion: Estudiante pregunta sobre como/cuando
postular

2. requisitos_ingreso: Estudiante pregunta sobre puntajes, NEM,
ranking

3. becas_beneficios: Estudiante pregunta ”becas”,
"financiamiento”, ”gratuidad” (EN GENERAL)

4. consultas_universidades: Estudiante pregunta ”que
universidad”, ”"cual es mejor”

5. consultas_administrativas: Estudiante pregunta sobre
matricula, documentos

6. inquietudes_paes: Estudiante pregunta sobre PAES, fechas,
resultados

7. beca_vocacion_profesor: Estudiante pregunta ESPECIFICAMENTE

"BVP” o ”Beca Vocacion de Profesor”

CARRERA Y PROYECCION:

8. carrera_pedagogia: Estudiante menciona o pregunta sobre
pedagogia , especialidades

9. campo_laboral: Estudiante pregunta sobre trabajo, sueldo,
empleabilidad

10. mallas_curriculares: Estudiante pregunta sobre ramos,
asignaturas , plan de estudios

11. practicas_profesionales: Estudiante pregunta sobre
practicas

12. acreditacion_calidad: Estudiante pregunta sobre
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acreditacion , calidad

13. compatibilidad_trabajo: Estudiante pregunta si puede
estudiar y trabajar

14. exigencia_academica: Estudiante pregunta si es dificil |
carga academica

15. otras_carreras: Estudiante menciona otras carreras

ORIENTACION VOCACIONAL:

16. experiencias_personales: Estudiante expresa motivacion
gusto o vinculo personal con la docencia. Incluye frases
directas ("me gusta ensenar”, ”quiero ser profesor”) Y
tambien relatos mas narrativos donde el estudiante describe
por que le atrae la carrera, experiencias propias con
ninos/jovenes, o razones personales para elegir pedagogia

17. orientacion_vocacional: Estudiante expresa dudas sobre que
estudiar

18. interacciones_conversacionales: Solo saludos, gracias,
despedidas SIN contenido

——= BEJEMPLOS CRITICOS —=

EJEMPLO 1 — counselor HABLA, ESTUDIANTE NO RESPONDE:
Kai: "Hola, vimos que tienes interes en pedagogia.”
Estudiante: [no responde / selecciona boton sin texto ]
—> es_sobre_pedagogia = 0

—> NO clasificar ningun mensaje

EJEMPLO 2 — counselor HABLA, ESTUDIANTE SOLO SALUDA:
Kai: "Hola, te interesa estudiar pedagogia?”
Estudiante: ”Hola”

—> es_sobre_pedagogia = 0

—> cat_l8_interacciones_conversacionales = 1

EJEMPLO 3 — ESTUDIANTE CONFIRMA CON TEXTO:
counselor: ”"Te interesa pedagogia?”
Estudiante: 7Si, me interesa pedagogia basica”
—> es_sobre_pedagogia = 1

—> cat_8 _carrera_pedagogia = 1,
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cat_16 _experiencias_personales = 1

EJEMPLO 3b — cat_16 NARRATIVO:
Estudiante: "Me gusta la idea de trabajar con esos ninos,
entender por que son asi”

—> cat_16_experiencias_personales = 1

EJEMPLO 4 — BECAS (CORRECTO):

Estudiante: 7 Becas”

counselor: [Explica sobre FUAS, gratuidad, BVP extensamente |
—> cat_3_becas_beneficios = 1

—> cat_7_beca_vocacion_profesor = 0

EJEMPLO 5 — BVP ESPECIFICA (CORRECTO):

Estudiante: ”Quiero saber sobre la Beca Vocacion de Profesor”
—> cat_3_becas_beneficios = 1,
cat_7_beca_vocacion_profesor = 1

EJEMPLO 6 — RESPUESTA CORTA CON CONTEXTO:

counselor: ”"Te interesa pedagogia en historia o matematicas?”
Estudiante: "La primera”

—> es_sobre_pedagogia = 1

—> cat_8_carrera_pedagogia = 1
—— FORMATO DE RESPUESTA ——

Responde SOLO con JSON (sin ‘‘‘json ni markdown):

"es_sobre_pedagogia”: 1,
"mensajes”: |
{
"mensaje_id”: "msg_ 1",
"contenido”: "texto del mensaje DEL ESTUDIANTE” ,
"categorias”: {
"cat_1_proceso_postulacion”: 0,
"cat_2_requisitos_ingreso”: 0,

"cat_3_becas_beneficios”: 1,
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cat_4 _consultas_universidades”: 0,
cat_b_consultas_administrativas”: 0,
cat_6_inquietudes_paes”: 0,
cat_7_beca_vocacion_profesor”: 0,
cat_8_carrera_pedagogia”: 0,

cat_9_campo_laboral”: 0,

b

cat_10_mallas_curriculares”: 0,

7

cat_l1_practicas_profesionales”: 0,

7

cat_12_acreditacion_calidad”: 0,

b

cat_13_compatibilidad_trabajo”: 0,

7

cat_14 _exigencia_academica”: 0,

"cat_15_otras_carreras”: 0,

b}

cat_16_experiencias_personales”: 0,

7

cat_17_orientacion_vocacional”: 0,

7

}

"total_temas”: 1

cat_18_interacciones_conversacionales”: 0

RECUERDA: Clasifica SOLO lo que el ESTUDIANTE dice

NO lo que el counselor explica.
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