
Risks and Opportunities in Human-Machine Teaming in
Operationalizing Machine Learning Target Variables

MENGTIAN GUO, University of North Carolina at Chapel Hill, USA

DAVID GOTZ, University of North Carolina at Chapel Hill, USA

YUE WANG, University of North Carolina at Chapel Hill, USA

Predictive modeling has the potential to enhance human decision-making. However, many predictive models fail in practice due

to problematic problem formulation in cases where the prediction target is an abstract concept or construct, and practitioners

need to define an appropriate target variable as a proxy to operationalize the construct of interest. Selecting an appropriate

proxy target variable is a challenging process in practice, requiring both domain knowledge and iterative data modeling.

While emerging prototyping tools promise to accelerate this process, it remains unclear how rapid iterations influence human

judgment in problem formulation. In this work, we conducted a controlled user study (𝑁 = 48) to investigate the impact

of human-machine teaming on proxy target selection. We instantiate a system offering three recommendation strategies:

Relevance-First (prioritizing conceptual alignment), Performance-First (prioritizing model performance), and Pareto-Front

(considering both). We find that while rapid iterations can significantly improve exploration efficiency, they also tend to

amplify a “performance bias”: the tendency to favor well-performing proxy targets even when they are not aligned with the

modeling goal. However, systems that explicitly estimate and communicate the relevance of proxy targets can mitigate this

bias. Our study highlights the risks and opportunities of human-machine teaming in operationalizing machine learning target

variables, yielding insights for future research to explore the opportunities and mitigate the risks.
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1 Introduction

Predictive models aim to forecast individuals’ future outcomes from historical data. When properly designed, they

can assist human decision-making by considering more factors than a single decision-maker typically can and

help reduce subjectivity and increase consistency. However, many predictive machine learning (ML) applications

fail to support decision-makers in real settings, and some have had negative social impacts. While multiple factors

contribute to these failures, prior work pointed out that problematic problem formulation and model specification

are recurrent reasons causing failed predictive ML applications [20, 38, 48, 52].
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Problem formulation determines what is predicted and how. It’s a critical first step in the predictive model

development process that shapes how the model will later be interpreted and used. In fields such as medical

treatment, child welfare, and criminal justice, problematic formulations have been documented, leading to disuse,

misinterpretation, and systematic decision errors [5, 15, 26, 37]. Case studies, contextual inquiries, and human-AI

interaction literature have surfaced several recurring challenges in problem formulation.

Large space of candidate problem formulations and long turnaround between iterations: Real-world

datasets are often high-dimensional, and many variables (and composites) can plausibly approximate the modeling

goal. Practitioners need to consider multiple potential target variables and framings—a need discussed in various

ML applications [5, 40, 50]. However, navigating this space is constrained by the long turnaround time of model

development. The implications of target variable choices made at the problem formulation stage may surface

only after the time-consuming model training and evaluation, when the impact of hidden issues (e.g., label noise,

missing data, and selection bias) becomes visible [37, 50]. These slow iteration cycles force practitioners to rely

on intuition rather than systematic search, limiting exploration to a handful of options that may not be optimal.

Multiple objectives when defining problem formulations: Even when candidates are identified, prac-

titioners face the challenge of optimizing multiple conflicting objectives: quantitative metrics (e.g., accuracy,

efficiency) and qualitative values (e.g., construct relevance, fairness). At the problem formulation stage, the

definition of the prediction target can influence which objectives can be achieved [8, 13, 36]. For instance, in

sepsis prediction, different temporal framing structures (e.g., earliness) can shift class imbalance ratio and missing

value rate, yielding widely different AUPRC scores [28]. Compared to quantitative metrics, qualitative objectives

are hard to optimize during problem formulation. Using target variables with low relevance to the modeling goal

can lead to predictions that misalign with intended use and even lead to ethical concerns [5, 26].

Human-machine teaming is a promising approach to solving the challenges in machine learning problem

formulation, yet it presents a fundamental sociotechnical risk. In many domains, defining an appropriate target

variable is a “wicked problem” [32], where the construct of interest is unobservable, and practitioners must select

a proxy target based on contextual knowledge. These choices cannot be fully automated since human judgments

remain indispensable in determining which target best reflects the construct of interest, foreseeing ethical

consequences in deployment, and interpreting tradeoffs between competing values. However, the emergence

of advanced systems—including AutoML techniques and LLM-based coding tools—introduces new capabilities

that could reshape this dynamic [2, 3, 21, 54]. By lowering the technical barriers to prototyping, these tools offer

the promise of broadening exploration: practitioners can potentially test and evaluate a wider range of problem

definitions in the time it previously took to implement just one. This efficiency could lead to better-informed

formulations.

However, this increased efficiency brings a critical open question on the quality of the resulting formulations.

While research on interactive formulation tools has demonstrated their ability to accelerate iteration, we lack a

quantitative understanding of how this rapid feedback loop influences human judgment [10, 46]. Specifically, as

these tools make quantitative metrics immediately visible and easy to optimize, they create a potential tension

with the qualitative goal, such as construct validity. Does the ability to quickly “solve” a prediction problem help

users identify the most useful formulation, or do the high performance scores drive users toward targets that are

easier to predict but less relevant to the real-world goal? Furthermore, how do specific system conditions, such as

recommendations prioritizing performance versus those surfacing relevance or trade-offs, influence the user’s

exploration behavior and final decision-making? As automation lowers the cost of trial and error, it is crucial to

know how these design choices shape a practitioner’s path through the problem space.

To address this gap, we conducted a controlled quantitative study (𝑁 = 48) investigating how human-

machine teaming influences problem formulation quality. We designed experimental scenarios that simulated the

formulation process as a multi-objective decision problem, instantiating human-machine teaming through three

recommendation strategies: relevance-based, performance-based, and Pareto-based (considering both). We found



Human-Machine Teaming in Machine Learning Target Variable Selection FAccT ’26, June 25–28, 2026, Montreal, QC, Canada

that while automation indeed improved efficiency, it introduced a salient “performance bias”, a phenomenon

where human decisions drifted toward high-performing formulations even when they were misaligned with the

modeling goal. Our results demonstrate that without explicit guardrails, the efficiency of modern tools may come

at the cost of the resulting model’s validity.

The contributions of this study can be summarized as follows.

1. We provided quantitative evidence of how human-machine teaming can influence the quality and efficiency

of problem formulation. We demonstrate that while automation facilitates rapid prototyping and increases

the volume of candidates explored, the design of the recommendation mechanism influences the quality of

the outcome. We show that systems surfacing “Relevance” (construct validity) or Pareto Front (trade-offs)

can guide users toward formulations that align with real-world goals, whereas performance-first and

unguided exploration lead to misalignment.

2. We observed “performance bias”, the behavior where practitioners prioritize quantitative model metrics

over conceptual alignment. Our findings reveal that without explicit signals for relevance, users drift toward

high-performing but invalid formulations, even when users freely explore without recommendations.

3. Our study generated various design insights for iterative formulation tools. We argue that iteration speed

alone is insufficient. Systems should explicitly support the evaluation of user objectives and facilitate multi-

criteria decision-making. Systems should provide recommendations that jointly consider all objectives to

reduce the efforts required to examine different candidates.

2 Related Works

2.1 Problem Formulation for ML Applications

Predictive modeling has been leveraged in a wide range of applications to support human decision-making,

including education [29], medical treatment [28], hiring [51], child welfare [50], and criminal justice [5]. However,

issues of problem formulation, also called model specification, have been a major obstacle to the adoption of

predictive models. For example, Lauritsen et al. [28] showed that alternative formulations for Sepsis prediction

meaningfully change clinical usefulness. In education, experts critique that problem formulations often rely on

narrow quantitative metrics misaligned with multi-faceted educational goals [29]. In child welfare, researchers

have pointed out that there is often a misalignment between what the models were trained to predict and the

social workers’ priorities, resulting in low model utility [26, 45].

The issue of problem formulation has also been discussed in the AI fairness literature. For instance, researchers

discovered that using re-arrest as a prediction target can result in racial bias in the recidivism prediction algorithm,

as the selected outcome variable can reflect systemic biases in policing, arrests, and sentencing [5]. Obermeyer et

al. [37] demonstrated the bias in an algorithm used to predict complex health needs due to problematic problem

formulations. Future cost was used as the prediction target, ignoring its relation to income, which incorporates

disparities in employment and salary. Tal [48] conceptualizes all predictive targets as inherently imperfect

approximations, shaped by the complex negotiations and compromises that occur between data scientists and

domain experts [38].

2.2 Challenges of Problem Formulation

The challenges of the problem formulation stage have been illustrated by case studies and contextual inquiries [35,

55]. Below, we review and summarize different aspects of this challenge.

Understanding ML and data constraints (performance): Understanding data availability and limitations

are essential for developing solutions that fit the application context [25, 34]. Several factors can render a

problem formulation unsolvable with an ML model, including limited data size [38], class imbalance [28],

missing values [49], and label noise [36]. Data availability and machine learning capability limitations are
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frequently identified during initial data analysis or model prototyping [38, 50]. Practitioners typically perform

lightweight data analysis and experiments using existing data and simple models to assess the feasibility of the

problem formulation [23, 56]. When a problem formulation is found to be unsolvable, practitioners commonly

respond by collecting more data or exploring alternative problem formulations that may have high-quality data

available [28, 38, 50].

Asking the right question (relevance): Problem formulations that are misaligned with the actual goal of the

application can cause unexpected outcomes and biases [5, 11, 20, 31, 37, 38]. Recent work proposed normative

perspectives on ML problem formulation [12, 41, 52] and applied modern validity frameworks to make the

misalignment more detectable and actionable [12, 20, 43]. For instance, Guerdan et al. [20] proposed a framework

that summarizes different sources of problem formulation validity issues, e.g., measurement error, intervention

effects, and selection bias. Informed by statistics and quantitative social sciences methods, the authors suggest

that problem validity can be evaluated through construct reliability, construct validity, etc. Despite involving

quantitative analysis, the methods for validity evaluation all require domain knowledge and subjective human

judgments.

Iterative prototyping and testing: Problem formulation is widely recognized as an iterative process, requiring

repeated refinement based on data exploration and evaluation in ML workflows such as CRISP-DM, KDD, and

TDSP [1, 17, 22, 27, 30, 33, 47]. Practitioners are often faced with multiple problem formulation options [15, 28,

50, 53]. Prototyping and testing help people realize the limitations of the current problem formulation, leading

to reformulations of the problem. However, due to the complexity of data and uncertainty of ML outcomes,

ML prototyping is time-consuming, often involving a labor-intensive inner-loop of ML development (i.e., data

preprocessing, model training, hyperparameter optimization, and model selection). The prototyping process

slows down the feedback loop, which in turn slows down problem (re)formulation. Consequently, practitioners

typically have time to explore only one or a few problem formulations, limiting their ability to evaluate and

compare all potential options [37].

2.3 Tools Designed to Support Problem Formulation

While there is a plethora of tools and systems that support developing and refining ML models, most of them

support model development rather than problem formulation itself. There exist human-guided machine learning

systems that support rapid construction of machine learning pipelines through an interactive interface without

writing code [9, 14, 24, 39, 44]. However, these systems focus on the entire ML pipeline instead of the problem

formulation stage. AutoML assumes that the ML problem has already been well-defined and aims to automate

the inner loop of ML development (i.e., data preprocessing, model training, hyperparameter optimization, and

model selection) [7, 16, 18]. Although AutoML itself does not produce problem formulations, it standardizes the

ML inner loop and enables rapid prototyping, and thus can be a useful component in accelerating the problem

formulation process.

Two systems were explicitly designed to support problem formulation. Tempo [46] supports iterative problem

formulation by enabling quick model prototyping and subgroup-based model evaluation. Cashman et al. [10]

proposed the Exploratory Model Analysis (EMA) system, which facilitates the user to discover meaningful

problems to solve on a given dataset. EMA automatically experiments on all potential proxy targets in a dataset

and presents them to the user to support proxy selection. This system implicitly influences users’ proxy selection

through predictive performance. Both works conduct qualitative evaluation through case studies; in contrast, our

work conduct quantitative evaluation on how rapid prototyping affects practitioners’ proxy target selection.
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Fig. 1. Concept relationships in the proxy target selection problem. The function 𝑔 uses observed outcomesU to construct

the proxy target 𝑌 , which is a surrogate of the unobserved target outcome 𝑌 ∗ (Box 1). The machine learning model 𝑓 uses

predictors X to predict the proxy target 𝑌 (Box 2). The problem is to construct 𝑌 that is both relevant to 𝑌 ∗ and can be

accurately predicted using X.

3 Proxy Target Selection in Problem Formulation

3.1 Concept Definition

We study the core activity in ML problem formulation: selecting a proxy target variable to approximate a modeling

goal. We define the Target Outcome (𝑌 ∗) as the theoretical construct of interest (e.g., “having long COVID”), which
is conceived by stakeholders but unobserved in the task-specific dataset. In contrast, the Observed Outcomes

(U = {𝑈1, ...,𝑈𝑚}) are the measurable variables pre-identified in the dataset (e.g., ICD codes or specific survey

responses). A Proxy Target (𝑌 ) is a function of observed outcomes,𝑌 := 𝑔(U), constructed to serve as a quantifiable
surrogate for 𝑌 ∗ based on domain knowledge. Finally, Predictors (X) are the observed features used by a machine

learning model 𝑓 to predict this proxy: 𝑌 ← 𝑓 (X). Therefore, the Proxy Target Selection problem is to construct a

proxy 𝑌 that is both semantically relevant to the unobserved 𝑌 ∗ and reasonably predictable by X.

3.2 Problem Formulation as a Multi-Objective Decision-making Task

The relationships between concepts in the problem are illustrated in Figure 1. The function 𝑔 in Box 1 (the

horizontal rectangle) plays a central role as it produces the proxy target 𝑌 . 𝑔 cannot be trained or evaluated using

data because 𝑌 ∗ is unobserved. This is in contrast with the function 𝑓 in Box 2 (the vertical rectangle), which can

be trained and evaluated using data because 𝑌 is observed in data. We considered two aspects when evaluating 𝑔

(and therefore the proxy target 𝑌 ): relevance and performance. The relevance aspect (whether the proxy target

faithfully represents the target outcome) has to be judged based on domain knowledge in the application context,

which is better suited as a human task. The performance aspect (whether the proxy target can be accurately

predicted using a set of predictors) can be evaluated using standard supervised machine learning training and

evaluation procedures, which is better suited as a machine task (e.g., through AutoML).

In many real-world tasks, the relevance and performance objectives can conflict, and the most “relevant”

formulation from a conceptual standpoint may not be the one that yields the most “useful” model. For instance,

in early sepsis prediction [28], clinicians ideally want the earliest prediction — predicting sepsis 12 hours before

onset is more relevant than predicting sepsis 6 or 3 hours before onset. However, early prediction may result in

low model performance due to sparse signals. By adjusting the temporal framing to predict sepsis 6 hours or

3 hours before onset, we reduce conceptual relevance, but may be able to train a model that produces reliable

predictions, which ends up having overall greater clinical utility. Thus, proxy target selection is inherently

multi-objective: the relevance and performance objectives need to be jointly considered.

In practice, practitioners often approach the problem formulation task in a relevance-first strategy: they would

first test problem formulations that are relevant to the application goal. However, a significant challenge in ML

deployment is that the most “desirable” target variable may fail to yield a “feasible” model due to data sparsity or

low signal-to-noise ratio [28, 38]. This creates the fundamental motivation for practitioners to adjust to another
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relevant problem formulation. Since the performance information is not known ahead of time, it may take some

trial and error to identify a problem formulation that is both relevant and yields well-performing [15, 50, 53].

Without automated support, practitioners may settle for suboptimal formulations due to the slow model iteration

cycle.

Machines can help improve the efficiency of identifying problem formulations that satisfy both objectives by

automatically evaluating the model’s performance resulting from a problem formulation. When a practitioner

constructs a problem formulation, machines can quickly evaluate the resulting model’s performance to help the

practitioner decide whether this is a good candidate (Baseline). In addition, machines can also improve efficiency

by recommending potentially good candidates to practitioners, which reduces trial and error. In this study, we

considered three recommendation criteria, each represents a different subset of objectives considered.

• Relevance First: In this condition, the system recommends proxies that are most likely to be relevant,

i.e., semantically most relevant to the construct of interest.

• Performance First: In this condition, the system recommends proxies that lead to the highest model

performance.

• Pareto Front: The system generates recommendations by prioritizing proxies on the Pareto front

of relevance and performance. These recommended candidates dominate other proxies, ensuring both

objectives are considered.

4 Experimental Evaluation

We designed our study to answer the following research questions:

RQ1 (Quality): How do different recommendation criteria influence the performance and relevance of the

selected proxy target variable due to the change in people’s decision-making?

RQ2 (Efficiency): How do different recommendation criteria influence people’s efficiency in proxy selection?

RQ3 (User Perception): How do different recommendation criteria influence the perceived usefulness of the

recommendation and users’ satisfaction, confidence, and the perceived easiness of the proxy selection task?

4.1 Tasks

We aimed to design problem formulation tasks for realistic application scenarios that can be completed in a

controlled study environment by a large pool of participants who have sufficient domain expertise. Since it

is challenging to recruit a large number of experts from highly specialized domains, we designed application

scenarios that student participants could meaningfully engage in. We used a survey dataset that examined the

impact of COVID-19 on college students [4]. This dataset naturally contains features and a diverse set of outcome

variables (see details in Appendix A).

Under the first application scenario, participants were tasked to develop a binary classification model to

understand how many students’ academic performance were negatively impacted by COVID-19. The target

outcome is thus a binary variable 𝑌 ∗
1
= “whether a student’s academic performance is negatively impacted by

COVID-19.” For the second application scenario, the target outcome was a binary variable 𝑌 ∗
2
= “whether a

student’s mental health is negatively impacted by COVID-19.” This domain is directly relevant to our participants

and provides a high-stakes decision context that allows them to understand both the model’s purpose and the

implications of choosing different formulations. While our participants were not professionally trained in this

domain (e.g., school administrators), they possessed experience regarding the application scenarios, and thus

could assess the semantic relevance of a proxy variable. This helps mitigate the gap between student participants

and professional decision-makers.

Under each application scenario, participants were provided with a simplified version of the survey dataset with

a fixed set of features (X) and a set of 10 binary outcome variables (U) with various relevance to the application
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scenario and resulting model performance. A proxy variable 𝑌 involves a subset of the outcome variablesV ⊆ U,

V = {𝑉1, · · ·𝑉𝑘 }. The function 𝑔 combines the subset outcome variables using logic operators (e.g., OR, AND,

NOT), resulting in binary proxy variables. To further simplify the task, we restricted participants to include at

most two outcome variables and only combine them by OR. This results in

(
10

2

)
= 55 candidate proxy targets.

We curated the two sets of outcome variables such that there is a tradeoff between relevance to the application

scenario and the resulting model’s performance.

Participants were asked to experiment with different proxy targets and select one that they think is the most

applicable in practice based on both relevance and model sensitivity. Participants were explained with examples

that an effective proxy target should both align with the application’s objective and produce a model sensitive

enough to identify the target group. We didn’t provide an explicit optimization goal for participants since there is

no standard answer as to which objective is more important. We expected a natural difference in interpretations

of the relative importance between objectives among participants. We aimed to capture the impact of different

conditions on participants’ decision-making with their own interpretation rather than defining the criteria for

optimization. The original description of the tasks is provided in Appendix A.

4.2 System Design

We designed a user interface to surface problem formulation recommendations and facilitate the problem

formulation task. The interface contains three major components. The left panel of the interface shows the

recommended proxies in a ranked list (see Figure 2 (a)). The ranking order varies between conditions. Under

the Baseline condition, the left panel is empty, so no recommendations were provided. The right panel of the

interface provides the basic components that allow users to construct proxies (see Figure 2 (b)). It displays all the

available outcome variables and provides the function for users to manually construct proxies and train models.

The proxy detail panel (see Figure 2 (c)) provides details of the selected proxy target, either through the proxy

recommendation view or manually constructed by the user. The specific design choices are made based on the

following principles: 1) include visual encoding and features that are standard for multi-attribute decision tasks,

and 2) keep the design as comparable as possible through a consistent presentation of proxy target variables and

objectives, a consistent visual design, and a consistent interaction design across conditions.

4.2.1 ObjectiveQuantification. Performance.Given the labels𝑌 derived from a proxy target variable, the system

trains and evaluates the prediction model 𝑓 with train-test split. We selected sensitivity (recall) as the primary

metric because it aligns with the application goal of identifying as many target cases (e.g., at-risk students) as

possible, while remaining intuitively interpretable for participants. We trained and evaluated a logistic regression

model because of its efficiency and decent predictive performance. However, the model training process can be

extended to other ML models and AutoML techniques.

Relevance. In order to surface potentially relevant candidates, we used a language model to calculate the

semantic similarity between the proxy target variable and the target outcome to estimate their relevance. The

description 𝑑 of a proxy target is generated by combining the included variables’ names using the selected logic

operators (e.g. “feel worried about mental health OR feel angry while attending classes”). Given the description 𝑑

of a proxy and a target outcome description 𝑐 (e.g. “Student experience mental health issues”), the system embeds

𝑑 and 𝑐 into vectors (𝑣𝑑 , 𝑣𝑐 ) using a Sentence Transformer Model (SBERT) [42]. Specifically, we used a pre-trained

model.
1
The relevance score of the proxy to the target outcome is calculated as the cosine similarity of their

embeddings. We emphasize that the calculated relevance score acts as a quantitative approximation to assist

humans in navigation and to provide guardrails for judgment instead of replacing human judgment. During the

study, we clearly stated to the participants that they should rely on their own judgment of proxy relevance.

1
https://huggingface.co/sentence-transformers/all-mpnet-base-v2

https://huggingface.co/sentence-transformers/all-mpnet-base-v2
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Fig. 2. Interface for the Pareto Front condition.

To validate this automated approach, we first conducted formal alignment study. We recruited four student

participants with a mix of undergraduate and graduate levels to ensure a breadth of perspectives on academic

and mental health contexts. They were briefed on the study’s goals but remained blind to the model’s scores.

They then performed pairwise relevance assessments on 30 randomly selected proxy target pairs per scenario,

evaluating which candidate in a pair was more conceptually relevant to the outcome. We compared these human

preferences against the model’s relevance scores. For the topic of “Mental Health”, the average Cohen’s Kappa

between humans and the embedding model was 0.442, closely matching the average inter-human agreement of

0.454. For the topic of “Academic Performance”, the average Cohen’s Kappa between humans and the embedding

model reaches 0.643, which is higher than the inter-human agreement of 0.491.

In addition, during the study, we collected relevance judgments from each participant on 30 randomly sampled

pairs of proxies and compared them with the relevance scores. The average Cohen’s Kappa between participants

and the relevance scores is 0.425 on the topic of “Mental Health” and 0.528 on the topic of “Academic Performance”.

These results suggest that the embedding model aligns with human judgments to a similar degree as humans

align with each other.

4.2.2 Proxy Recommendation View. Given a list of outcome variables that can be used to construct proxies, the

system automatically enumerates all possible proxies, considering all combinations of outcome variables. Users

can select a candidate from the list, and the details of the proxy target variable are shown in the proxy detail

panel. The set of candidates is presented in a matrix view to facilitate the understanding and comparison of

different proxies. Each variable is associated with a unique color to help users quickly interpret a proxy target.

The relevance and performance of each candidate are encoded by the length of the bars, a common feature in

tabular visualizations for decision support [19]. In the Relevance First condition, only the relevance level is
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Sub-session 1 Sub-session 2 Num. Sub-session 1 Sub-session 2 Num.

Baseline Relevance First 4 Relevance First Baseline 4

Performance First Pareto Front 4 Pareto Front Performance First 4

Baseline Performance First 4 Performance First Baseline 4

Relevance First Pareto Front 4 Pareto Front Relevance First 4

Baseline Pareto Front 4 Pareto Front Baseline 4

Relevance First Performance First 4 Performance First Relevance First 4

Table 1. Experimental design with counterbalancing. Participants were split into 12 groups, corresponding to 12 permutations

of two out of four interface conditions. Among the four participants assigned to each group, two worked on the mental

health task in sub-session 1, and the other two worked on the academic performance task in sub-session 1.

displayed to explain the order of the ranking. Similarly, in the Performance First condition, only the performance

information is shown. In the Pareto Front condition, both relevance and performance are presented. However,

as a single objective is insufficient to explain the ranking or distinguish between non-domination fronts, the

Pareto-optimality is encoded using stars. The candidates in the first non-domination front receive five stars, and

the number of stars decreases progressively until the fourth front.

Under Relevance First, candidates are ranked by their relevance to the target outcome, where highly relevant

proxies are shown at the top. Under Performance First, proxies are ranked by their performance, and well-

performing proxies are ranked at the top. Under Pareto Front, candidates are not ranked based on a single

objective. Instead, the system first organizes all candidates into multiple non-domination fronts, and the first

front (containing the Pareto-optimal candidates) is ranked at the top. To maintain consistency between different

conditions, the non-domination fronts are presented in a list format, where candidates in the same non-domination

front are ranked by relevance. We presented all candidates based on non-domination fronts since this does not

carry any assumption regarding the relative importance of the two objectives.

4.2.3 Proxy Detail View. In Proxy Detail View, we provided detailed performance metrics to facilitate the user

in judging the quality of a proxy target. In the Baseline and Performance First conditions, only the model

performance metrics are displayed. In the Relevance First condition, model performance metrics and the

relevance score are displayed. In the Pareto Front condition, the recommendation level is displayed in addition

to model performance and relevance score.

4.3 Study Overview

There are in total four interface conditions. We adopted a study design where each participant works on two tasks,

each with a different condition. We adopted this design since the within-subjects components allow participants

to serve as their own baseline, effectively controlling for individual differences. At the same time, it reduces

cognitive fatigue since each task requires significant mental effort. 𝑁 = 48 participants were randomly assigned

to the 12 condition permutations as explained in Table 1. As a result, each of the four interface conditions was

used by 24 participants. We strictly counter-balanced the interface conditions and tasks (application scenarios)

to mitigate learning effects and topic bias. We used the Kruskal-Wallis test and Dunn’s post-hoc tests for a

high-level cross-condition comparison. To address the dependencies inherent in this mixed design, we utilized

linear mixed-effects models (LMEMs) for our analysis [6]. By treating Participant ID as a random effect, we

effectively controlled for individual-level variance, ensuring that our findings regarding system influence are

statistically robust and account for the nested nature of the data.

Each study session lasted roughly one hour. After providing informed consent, the study coordinator provided

detailed information about the application context, dataset, and proxy syntax. A study session contained two
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Fig. 3. Average model sensitivity and relevance to the application scenario of participants’ final proxy selections for each

condition. Significant differences exist between conditions on model sensitivity and relevance (more details in Section 5.1).

sub-sessions. Using an example scenario, each sub-session began with a hands-on tutorial. Participants were then

informed of the application scenario to work on. Participants would first finish the relevance judgment task. Then,

participants would complete the proxy selection task. To encourage the participants to take the task seriously, the

study coordinator would ask them to verbalize their reasoning and justify their final choices after each sub-session.

Participants would also finish a questionnaire after each sub-session to report their experience. Participants could

spend at most 15 minutes on each task. Finally, after completing the two sub-sessions, participants provided

additional feedback about their experience using the tools through an exit interview.

The study sessions were conducted either in-person or online through Zoom with a study coordinator.

All participants followed the same scripted tutorial, utilized the same web interface, and completed identical

questionnaires. Furthermore, the study coordinator monitored all sessions in real-time to ensure consistent

engagement.

This study was exempt from review by our university’s Institutional Review Board (IRB) according to the

category: Survey, interview, public observation; Benign Behavioral intervention, under 45 CFR 46.104. All

participants provided informed consent and were compensated with a $20 Amazon gift card for their time.

4.4 Participants

We recruited 𝑁 = 48 participants from STEM majors via campus-wide mailing lists. To participate, individuals

were required to have completed at least a machine learning course or tutorial, as prior ML knowledge was

necessary for the task. The sample included 28 males, 18 females, and 2 participants who chose not to disclose

their gender. Among them, 33 had prior experience applying ML to real-world problems. Participants came

from diverse educational backgrounds, with the most common fields of study being Information Science (12),

Computer Science (7), Biostatistics (4), and Health Informatics (4).
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5 Results

5.1 RQ1: Quality

We analyzed how different system conditions influence the quality of the proxy target selected by participants.

The results are shown in Figure 3. Kruskal-Wallis test shows a significant difference between conditions in proxies’

relevance (𝑝 < 0.001) and resulting model’s sensitivity (𝑝 < 0.01). Dunn’s post-hoc test showed that participants

using Performance First or Baseline selected proxies with significantly higher sensitivity (𝑝 < 0.03) but

lower relevance compared to those in the Relevance First and Pareto Front conditions (𝑝 < 0.01). For

model sensitivity, Dunn’s post-hoc test shows a significant difference between the Baseline and the Pareto

Front condition (𝑝 = 0.015, Hedges’ 𝑔 = 0.838), Relevance First and Performance First (𝑝 = 0.021, Hedges’

𝑔 = −0.84), Performance First and Pareto Front (𝑝 = 0.001, Hedges’ 𝑔 = 1.13). For proxies’ relevance, Dunn’s

post-hoc test shows a significant difference between the Baseline and Relevance First (𝑝 = 0.007, Hedges’

𝑔 = −1.14), Baseline and Pareto Front (𝑝 = 0.0004, Hedges’ 𝑔 = −1.16), Relevance First and Performance

First (𝑝 = 0.001, Hedges’ 𝑔 = 1.33), Performance First and Pareto Front (𝑝 = 0.00004, Hedges’ 𝑔 = −1.34).
Note that the relevance score is calculated using the same text embedding model as in the system recommendation.

As participants may disagree with the embedding model, we fitted a Bradley-Terry model to generate a

relevance score for each proxy target given participants’ relevance judgments. We observed the same pattern as

using the relevance score given by the embedding model. In summary, when participants did free trial and error

or were provided with recommendations based on model performance, they were more likely to select proxy

targets that had higher model performance but were less relevant to the modeling goal. More detailed analysis

can be found in Appendix B.

We applied a mixed linear-effects model to account for the dependencies inherent in the mixed study design.

The fixed effects include sub-session number (i.e., first or second sub-session), interface condition, and the

application scenario or topic (i.e., mental health or academic performance). The random effect is the participant

ID, which accounts for the fact that each individual will perform similarly in the two sessions (i.e., use a similar

amount of time and put similar weights on relevance and performance). We fitted four mixed linear models, one

for the time spent on the task, one for the resulting model’s sensitivity, one for the resulting model’s relevance

based on the embedding model, and one for the resulting model’s relevance based on the relevance judgments.

We applied a log transformation to the time spent on the task to meet the assumptions of the model.

For model sensitivity, there is a significant difference between the Baseline and the Pareto Front (𝑝 = 0.001

based on Wald test), between the Baseline and the Relevance First (𝑝 = 0.007), between the Relevance

First and the Performance First (𝑝 < 0.001), and between the Performance First and the Pareto Front

(𝑝 < 0.001). For proxies’ relevance, there is a significant difference between the Baseline and the Pareto Front

(𝑝 < 0.001), between the Baseline and the Relevance First (𝑝 < 0.001), between the Relevance First and the

Performance First (𝑝 < 0.001), and between the Performance First and the Pareto Front (𝑝 < 0.001). We

found that there was a significant effect of session ID on the time spent on the task. Participants spent less time

in the second session, which implies a learning effect (𝑝 = 0.002). However, the session ID does not have any

effect on the quality of the resulting selections. No topic effects were detected. Though there was a learning

effect, the analysis results remain valid since we counter-balanced the order of interface conditions and tasks.

To better understand how participants made their selections, we analyzed their exploration journeys. For

each participant, we collected all the proxies they examined during the session (via manual proxy construction,

clicking, or hovering), each associated with a relevance score and model sensitivity. To compute an average

exploration pattern across participants, we first normalized each participant’s timeline to a common scale. We

then defined a shared time grid of 100 points and applied linear interpolation to estimate relevance scores and

model sensitivities at each time point. The average trajectories of all participants are shown in Figure 4. The color
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Fig. 4. Participants’ selection path in a sensitivity vs. relevance plot. Light color indicates the beginning of the session, and

dark color indicates the end of the session. We collected all the proxies participants examined during the study session and

applied interpolation to obtain an average trajectory for each condition.

darkness indicates the time point in a session, where light colors indicate early stages and dark colors indicate

late stages.

We observed that different human-machine teaming strategies significantly influenced the candidates examined

by participants. Participants’ exploration behaviors show that they aimed to achieve both high model performance

and proxy relevance. Under Baseline, participants started with highly relevant proxies, but gradually working

towards those with high model sensitivity. Participants might be motivated to improve model performance

and try less relevant candidates. This optimization behavior is enabled by the fast feedback loop allowed by

fast and automatic model training and evaluation. In practice, when testing a formulation takes longer, the

exploration might be restricted to those highly relevant candidates. The same performance optimization behavior

is also observed under Relevance First. However, participants had a higher threshold for proxy relevance

under the Relevance First condition compared to Baseline. This is likely due to the presence of the estimated

relevance score, which provides a red flag for their exploration. Under Performance First, participants explored

increasingly relevant candidates but were anchored in the high performance region. Under Pareto Front,

participants’ exploration is limited to a relatively small spectrum of relevance and performance. This reflected

that Pareto Front provided an overview of the problem space, reducing the need for exploration.

We can also observe from Figure 4 that different human-machine teaming strategies influenced participants’

criteria when selecting the proxy target. Under Relevance First and Pareto Front, participants were restricted

to candidates with high relevance (relevance score > 0.45). Their final selections are also more relevant. Under

Performance First and Baseline, participants were more open to proxies that provide high model performance.

One potential explanation is that under those two conditions, the quantitative performance objective was easier

to track and optimize than the unquantified, subjective relevance objective. This made participants more willing

to select well-performing proxies. Under Relevance First and Pareto Front, the system provided a quantitative

estimate of relevance, making it easier to track and optimize. Therefore, participants appeared to be more strict

about the relevance objective.
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5.2 RQ2: Efficiency

We measured the time participants spent on the task when using different conditions. Kruskal-Wallis Test shows

a weakly significant difference between conditions (𝑝 = 0.0708). Participants spent the longest time under the

Baseline condition and the shortest time under the Pareto Front condition (𝑡𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 = 402𝑠 , 𝑡𝑝𝑎𝑟𝑒𝑡𝑜 = 286𝑠 , 𝑝 =

0.098). This reflects that when recommending candidates based on both relevance and performance information,

it takes less time for people to identify a satisfying proxy.

We also examined the total number of candidates examined by participants to understand the effort required

to identify a satisfactory proxy. We counted proxies manually specified, clicked, and moused over for more than

2 seconds as examined.

Participants manually specified significantly more proxies under the Baseline condition (𝐴𝑣𝑔 = 23) compared

to the other conditions (𝑝 < 0.05). Participants examined significantly more proxies under the Relevance First

condition than the Pareto Front conditions (𝐴𝑣𝑔𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑐𝑒 = 47,𝐴𝑣𝑔𝑝𝑎𝑟𝑒𝑡𝑜 = 16, 𝑝 = 0.003). There is no significant

difference between the other conditions. Participants, on average, checked three pages of recommendations under

all conditions. Participants checked significantly more unique proxies under Baseline and Relevance First

than Pareto Front (𝐴𝑣𝑔𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 = 14.8, 𝐴𝑣𝑔𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑐𝑒 = 20, 𝐴𝑣𝑔𝑝𝑎𝑟𝑒𝑡𝑜 = 8.5, 𝑝 ≤ 0.05).

In summary, participants mainly examined candidates in the ranked list when recommendations were available.

There are some evidence showing that providing recommendations considering both relevance and performance

(Pareto Front) helps improve the efficiency of proxy selection, reducing the time spent on the task and the

required effort. Providing recommendations based on relevance (Relevance First) encourages exploration

— participants examined significantly more candidates. One potential explanation is that the presence of the

relevance score reduces the effort on relevance judgment, as mentioned by multiple participants.

5.3 RQ3: User Perception

There was no significant difference between conditions in terms of the questionnaire results. Despite the difference

in the selected proxies’ relevance score, participants consistently indicated that their final selections are “moder-

ately relevant” to the modeling goal. System conditions did not show a significant impact on users’ perceived

satisfaction, confidence, easiness of the task, and the helpfulness of the system. In the questionnaire, participants

indicated the relative importance of model performance and relevance when they made their decisions. On

average, participants gave similar importance to the two factors. Participants gave slightly lower importance

to model performance under the Pareto Front condition. Detailed analysis of user perception and qualitative

feedback can be found in Appendix D.

6 Discussion

In this work, we investigated applying human-machine teaming to facilitate machine learning problem formula-

tion. Our findings suggest that while automation significantly accelerates the iteration of proxy target selection, it

introduces specific risks regarding how users prioritize quantitative performance over semantic relevance. Below,

we discuss the implications of problem formulation quality and efficiency, the phenomenon of “performance

bias”, and design insights for future tools.

6.1 Effect of Human-Machine Teaming on theQuality and Efficiency of Problem Formulation

Our results demonstrate a tension between the efficiency of the formulation process and the quality of the

resulting problem definition. Consistent with prior work [46], we found that tools designed for fast prototyping

enables rapid exploration of the modeling option space. Participants were able to examine more candidates and

explore divergent ideas that might not have been obvious initially. With automatic model training and evaluation,

participants can examine more than 10 or even 20 different proxy candidates during a short study session.
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However, higher efficiency does not necessarily translate into higher relevance of selected proxy targets. Our

analysis reveals that accelerated iteration cycles can expand the space of explored candidates towards areas with

degraded relevance. Participants tended to select proxies with higher performance under the Baseline condition,

where the exploration process was driven by participants rather than guided by system recommendations.

Participants demonstrated the behavior of chasing after performance gains, which could undermine the proxy’s

relevance. One potential explanation is that when users are exposed to a large volume of candidates via fast

feedback loops, they would drift toward proxies that optimize quantitative metrics (e.g., sensitivity) at the expense

of qualitative objectives (e.g., relevance).

6.2 Performance Bias in Problem Formulation

We observed “performance bias” in some conditions from our participants: the tendency for them to select

proxies that yield high quantitative metrics, even when those formulations are less aligned with the underlying

modeling goal. This might suggest a nuanced form of automation bias where users trust the perceived “objectivity”

of machine-generated metrics over their own subjective domain judgment. We posit that performance bias

arises from the cognitive disparity between evaluating quantitative metrics and assessing conceptual relevance.

Quantitative metrics are numerical and therefore cognitively easy to compare. In contrast, conceptual relevance

are nuanced, multi-faceted, involving domain expertise and not readily quantifiable. When a system provides rapid

performance feedback without an equivalent signal for relevance, users might engage in a form of streetlight effect,

optimizing where the light is brightest (the quantifiable objective is the highest). While our study demonstrates

this bias within a proxy selection task, the degree to which this generalizes to expert practitioners—who may

have stronger professional norms or institutional guardrails—remains an open question for future field studies.

In our study, conditions showing relevance scores helped mitigate performance bias. Using semantic relevance

to approximate proxies’ relevance to the modeling goal, though not perfect, can put resistance in the performance

optimization loop, serving as a soft threshold that signaled when a user was sacrificing too much relevance for a

gain in model performance. This indicates that performance bias might be mitigated when qualitative values are

made computationally visible.

6.3 Design Insights to Support Problem Formulation

To support efficient and valid machine learning problem formulation, systems should move beyond simply

enabling fast iterations. We propose three key design implications:

1. Support Multi-Objective Decision Making: Problem formulation is inherently a multi-objective optimiza-

tion task involving trade-offs between performance, conceptual relevance, fairness, and many other objectives.

Our findings show that ranking candidates solely by performance or providing only performance feedback can

encourage bias. We also demonstrated that supporting users to consider multiple objectives improved the effi-

ciency of their exploration. Future systems should leverage Multi-Criteria Decision Making (MCDM) frameworks

to explicitly present the trade-offs between conflicting objectives. By visualizing the “cost” of performance in

terms of relevance, systems can help users make more informed, holistic decisions.

2. Assist, Do Not Replace, Subjective Judgment: While relevance is a subjective construct best judged

by humans, our study shows that users benefit from automated assistance. The Relevance First and Pareto

Front condition might suggest that providing a quantitative signal for relevance helps users calibrate their

internal mental models. Future tools could use large language models (LLMs) and domain-specific knowledge

representation (e.g., semantic embeddings, knowledge graphs) to assist relevance judgment and potentially allow

a human-in-the-loop validation process where the machine suggests, and the human verifies.

3. Provide Guardrails for Exploration: Fast iteration requires guardrails to prevent users from optimizing

along the wrong targets. Systems should implement mechanisms that flag or filter candidates that violate basic
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validity constraints such as relevance and fairness, regardless of their predictive performance. Furthermore,

providing an retrospective overview of the user’s exploration trajectory can help them reflect on the big picture

of the problem space and their journey so far.

6.4 Limitations

A primary limitation of this study is the simplification of the problem formulation task and process. This was

necessary to reduce technical complexity and support rapid prototyping in a short study session, allowing us

to focus on the core decision-making process during proxy target selection. Despite these simplifications, our

study still captures two major complexities of the problem formulation process: the large space of candidates

and the multi-objective nature of deciding the best problem formulation. The behavioral patterns we observed,

such as users’ tendency to prioritize quantifiable objectives and the influence of machine recommendations on

decision-making, are deeply rooted in human decision-making processes, not specific to the problem formulation

process studied here. Therefore, we argue that the core behavioral patterns identified in this study are likely to

generalize to more complex, real-world systems.

Another limitation of the study is that we used proxy participants (i.e., students) instead of domain experts. Our

observations during the study show that participants were mentally involved in the task since they demonstrated

independent and critical thinking when the system’s recommendations conflicted with their own understanding.

However, it is important to note that the generalizability of our findings to high-stakes professional contexts may

be limited. Domain experts bring deeper domain and contextual knowledge of the task and the data. Therefore,

they may feel that the system-generated relevance scores are not informative or not aligned with their own

understanding. Similarly, domain experts may be less influenced by model performance metrics, as they have

a clearer sense of what constitutes a useful model. This stronger control of the conceptual alignment with the

real-world goal could lead to problem formulations with a higher practical utility than what we observed under

the Baseline and Performance First conditions. Future research should explore how such systems influence

the domain expert’s efficiency, problem formulation quality, and experience.

The third limitation of the study is the use of semantic relevance as a proxy for target relevance. While our

validation study demonstrated that SBERT embeddings align with student judgments at a level comparable to

inter-human agreement, semantic similarity models primarily identify linguistic and taxonomic overlaps. They

may fail to capture nuanced causal relationships or the deep contextual relevance that a domain expert might

prioritize. Future work should explore tools from measurement and modern validity theory, such as convergent,

discriminant, and predictive validity, to supplement purely semantic relevance [12, 20].

7 Conclusion

In this work, we explored the risks and opportunities of human-machine teaming in machine learning problem

formulation. Our controlled study reveals a tension between efficiency and validity: while automation accelerates

the exploration of proxy targets, it introduces a “performance bias,” driving practitioners to prioritize the

performance of a proxy target over its relevance to the modeling goal. This tendency to optimize for measurable

objectives persists even without explicit recommendations. However, we demonstrate that interface designs that

quantify relevance act as an effective guardrail, mitigating this bias while maintaining exploration efficiency.

We conclude that future AI prototyping tools should go beyond speed to explicitly support multi-objective

decision-making, ensuring that models are not just accurate but align with their real-world goals.
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Appendix

A Application Scenarios and Variable Names

We chose the application scenarios that the participants need to build models to identify students who are

negatively impacted by the pandemic in two life aspects: mental health and academic performance. However, to

provide an overview of the entire problem space, we simplified the task by reducing the number of outcome

variables and converting all the outcome variables into binary. A proxy variable 𝑌 involves a subset of the

outcome variablesV ⊆ U,V = {𝑉1, · · ·𝑉𝑘 }. The function 𝑔 combines the subset outcome variables using logic

operators (e.g., OR, AND, NOT), resulting in binary proxy variables.

We focused on the challenging scenario where users must trade off between relevance and performance. To

facilitate the comparison between conditions, we aim to identify two sets of outcome variables with similar

data conditions. For the topic of mental health, there exists a tradeoff between model performance and proxy

relevance in the original dataset, i.e., the relevant outcome variables result in relatively low model performance

while the irrelevant outcome variables result in relatively high model performance. We selected 10 outcome

variables with the selected performance metric uniformly distributed between 0.59 (min) to 0.77 (max).

As finding another set of outcome variables with similar characteristics is challenging, we created a synthetic

dataset for the topic of academic performance. We retained the underlying data for the mental health scenario

but altered the variable names. For an outcome variable in the mental health scenario with a specific relevance to

mental health, we selected an original outcome variable name from the survey dataset with a similar level of

relevance to academic performance based on the embedding model. This process resulted in 10 outcome variables

with various levels of relevance to the academic performance scenario. To create a tradeoff between relevance and

model performance, the variable names and outcome variables are matched with a reversed order of performance

and relevance. The variable name with the highest relevance to the topic is assigned to the outcome variable that

will result in the lowest model performance and vice versa.

Scenario 1: Mental Health. You are a data scientist in the student affairs office at UNC. During COVID-19,

you would like to identify students who are experiencing mental health issues and offer them therapy

sessions. List of outcome variables:

• Frequently feel worried about mental health

• Frequently feel angry while attending classes and studying

• Frequently feel worried about family and relationship

• Frequently feel hopeless while attending classes and studying

• Difficulty in focus on schoolwork

• Rarely visit family members or friends

• Feel unsatisfied in how university deal with the pandemic

• Frequently washing hands

• Frequently online grocery shopping

• Feel unsatisfied in tutorials

Scenario 2: Academic Performance. You are a data scientist in the student affairs office at UNC. During

COVID-19, you would like to identify students who are experiencing a drop in academic performance

and offer them tutoring services. List of outcome variables:

• Academic performance as a student worsen

• Cannot master the skills taught in class

• Frequently feel bored while attending classes and studying

• Frequently feel worried about studying issues

• Feel unsatisfied in lectures
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• Rarely communicating with family and friends

• Feel not adapt well to the new teaching and learning experience

• Frequently avoiding public transport

• Frequently working from home

• Frequently feel worries about similar pandemic crisis
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Fig. 5. Average relevance score of participants’ final proxy selection, calculated using the Bradley-Terry model using partici-

pants’ relevance judgment. The relative difference between conditions shows the same pattern as using the relevance scores

based on the embedding model (Figure 3b)

As participants may disagree with the embedding model, we fitted a Bradley-Terry model to generate a

relevance score for each proxy target given participants’ relevance judgments. The Bradley–Terry model is a

probability model for the outcome of pairwise comparisons between items. Given a pair of proxies 𝑖 and 𝑗 drawn

from all potential proxies, it estimates the probability that the pairwise comparison 𝑖 > 𝑗 (𝑖 is more relevant than

𝑗 ) turns out true, as

𝑃𝑟 (𝑖 > 𝑗) = 𝑝𝑖

𝑝𝑖 + 𝑝 𝑗

=
𝑒𝛽𝑖

𝑒𝛽𝑖 + 𝑒𝛽 𝑗
.

The fitted 𝛽𝑖 and 𝛽 𝑗 can be used as the relevance score for proxy 𝑖 and 𝑗 . We fitted one Bradley–Terry model

using the relevance judgments collected from all participants.

The final proxies’ relevance using the derived relevance score for each condition is shown in Figure 5. There

is a significant difference between conditions (𝑝 = 0.003). There is a significant difference between Relevance

First and Performance First (𝑝 = 0.036, Hedges’ 𝑔 = 0.783), Performance First and Pareto Front (𝑝 = 0.018,

Hedges’ 𝑔 = −0.843). The difference between the Baseline and Pareto Front is weakly significant (𝑝 = 0.066,

Hedges’ 𝑔 = −0.747). Overall, the conclusion is consistent with the results calculated using the relevance score

given by the embedding model.
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C Study Details

C.1 Procedure

User study sessions last roughly one hour. After providing informed consent, the study coordinator provided

detailed information about the application context, dataset, and proxy syntax. A study session contained two

sub-sessions. Using an example scenario, each sub-session would begin with a hands-on tutorial. Participants

will then be informed of the application scenario to work on. Participants would first finish the relevance

judgment task. Then, participants would complete the proxy selection task. To encourage the participants to

take the task seriously, the study coordinator would ask them to verbalize their reasoning and justify their

final choices after each sub-session. Participants also finished a questionnaire after each sub-session to report

their experience. Participants could spend at most 15 minutes on each task. Finally, after completing the two

sub-sessions, participants provided additional feedback about their experience using the tools through an exit

interview.

To help participants get mentally involved in the proxy target selection task and built a mental model of the

system’s recommendation mechanism, model performance, and relevance score, we provided a thorough tutorial

at the beginning of the study session regarding the following aspects:

• Machine learningmodel and evaluation:what is a binary classification model, how to interpret different

evaluation metrics, and how would model performance influence the usage of the model?

• Proxy target selection task and objectives: What is a proxy target, why do we need to define one, and

why are both the relevance of the proxy and the resulting model’s performance important? How could

poor formulations lead to harmful or inefficient decisions?

• Intended usage of the model in each application scenario: What is the construct of interest, and how

is the model going to be used?

• System algorithms: How does the system generate the relevance score and the model performance metric,

how does the system generate the recommendation list in each condition, and how to interpret the scores

and ranking given by the system?

Before each session, participants started with a hands-on tutorial where they use the system to do a proxy

target selection task with an example scenario. Participants were encouraged to ask any clarification questions.

This helped participants understand the system conditions and the task before the main task.

C.2 Evaluation Metrics

Different system conditions are evaluated using both subjective feedback from participants and objective evalua-

tion of participants’ performance. The evaluation metrics are organized based on the corresponding hypothesis.

RQ1: Quality.

Performance. The achieved model performance is measured using sensitivity (recall), which also serves as an

objective for participants during the study. A single model performance metric is used as the study focuses on

decision-making processes concerning two broad objectives: performance and relevance. Among the potential

performance metrics (e.g., F1, accuracy), sensitivity was chosen for its simplicity and emphasis on coverage

(identify all students who might need help). We evaluated the model sensitivity of the final proxy target selected

and the saved proxies by each participant. In addition, to understand the intermediate decisions made by

participants, we tracked the change in performance between successive selections.

Relevance. The relevance of the final proxy selection and the saved proxies were measured using the relevance

score given by the language model (Section 4.2.1) and the relevance model derived from participants’ relevance

judgments (Appendix Section B). Similarly, we tracked the change in relevance between successive selections

using the language model. Since participants might disagree with the relevance score, participants will be asked
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to provide subjective evaluations of the final selection’s relevance on a Likert scale from 1 “strongly irrelevant”

to 7 “strongly relevant”.

RQ2: Efficiency.

Time on task. This metric aims to understand the time participants spent on making a selection.

Number of constructed or inspected candidates. This metric is the number of proxies a participant needed to

inspect to identify a satisfying one, serving as an indicator of efficiency.

Number of pages looked at. This metric serves as another indicator of efficiency, as going through more pages

of recommendations implies that participants spent more effort in finding satisfying proxy targets.

Quality of the clicked candidates. This metric aims to evaluate whether a participant spent time in “high-

value” explorations. Specifically, we evaluated whether the newly selected proxy target improved relevance,

performance, or both compared to the previous choice. Additionally, we evaluated whether the new proxy

explored new outcome variables or different areas in the objective space.

Time on different views. We measured the time duration of participants’ mouse hovering over the proxy detail

panel and the proxy recommendation view. Mouse activities can partially reflect the participant’s focus, allowing

us to understand whether a participant spent more time making decisions or interpreting individual candidates.

RQ3: User Perception. After completing each sub-session, participants would evaluate the choice they just

made according to the following criteria:

Satisfaction. Participants would be asked to what extent they are satisfied with their choice, ranging from “not

satisfied at all” to “very satisfied”.

Confidence. They would be asked to what extent they are confident about their choice, ranging from “not

confident at all” to “very confident”.

Easiness. They would be asked to what extent they consider this choice easy to make, ranging from “very

difficult” to “very easy”.

Usefulness. They would be asked to what extent they consider the system recommendation to be useful, ranging

from “very useless” to “very useful”.

Preference. After the two study sessions, participants would be asked to choose which system they prefer.

Relative importance between performance and relevance. To understand how different recommendations influence

people’s decision-making, participants were asked to rate the relative importance they assigned to relevance and

performance when making decisions, ranging from “relevance only” to “performance only”.

Agreement with the embedding model. Participants were asked to give relevance judgments of proxy target

pairs to calculate their agreement with the embedding model as described in Section 4.2.1. This measurement

allows us to analyze how the difference in interpretation influenced users’ performance and perception of the

system.

C.3 Data Analysis Methodology

Participants’ questionnaire responses and the quality measurements for selected proxy targets were averaged

within system conditions for comparison between conditions. Fisher’s randomization test (𝛼 = 0.05) was used to

test for significant effects due to system condition differences. We also analyzed the effects of the application

scenario and the order of the systems using a mixed ANOVA model.

D Additional Analysis

D.1 RQ3: User Perception

There was no significant difference between conditions in terms of the questionnaire results. Despite the difference

in the selected proxies’ relevance score, participants consistently indicated that their final selections are “moder-

ately relevant” to the modeling goal. System conditions did not show a significant impact on users’ perceived
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Fig. 6. Participants’ responses in post-task questionnaire regarding their experience of using the system to accomplish the

proxy selection task. There is no significant difference between conditions.

satisfaction, confidence, easiness of the task, and the helpfulness of the system. In the questionnaire, participants

indicated the relative importance of model performance and relevance when they made their decisions. On

average, participants gave similar importance to the two factors. Participants gave slightly lower importance to

model performance under the Pareto Front condition.

D.2 Qualitative Analysis

At the end of the study section, participants described their strategy of approaching the task and explained what

they liked or did not like about each system used. In this section, we focus on analyzing participants’ answers

on system preferences, as their answers reflect how they leveraged different information and how different

conditions influenced their decision-making and experience.

D.2.1 Which system condition did the participants prefer to use? Participants indicated which of the two conditions

they preferred. Note that each condition was used by exactly 24 participants. 18 of the 24 participants who

used Pareto Front preferred it over the other. 13 of the 24 participants who used Relevance First preferred

it over the other. Same for the Performance First condition. Only four of the 24 participants who used the

Baseline condition preferred it over the other. These results show that participants preferred systems with

recommendations. And among different recommendation conditions, Pareto Front was the most preferred.

D.2.2 What information was useful to users and how did they use it? During the interview, 18 participants

mentioned that the machine-estimated relevance score was helpful. Although participants agreed with the

relevance score to different degrees, they mentioned that the relevance score helped reduce the required efforts

of relevance judgment and allowed them to narrow down their selection. Participants also preferred to have

the resulting model’s performance easily available (𝑛 = 13), which helped reduce the effort of going through

different candidates and narrow down their selection. Many participants who have used the Pareto Front
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condition appreciated seeing the performance and relevance information side by side (𝑛 = 11). This provides

more information for their decision-making and helps some participants (𝑛 = 3) to see the tradeoff between

model performance and relevance. However, participants showed divergent opinions on the recommendation

level (star levels in Pareto Front). Six participants indicated that they liked the recommendation level, as it

provided guidance for their selections and gave them confidence. Six participants felt the recommendation level

was not helpful, as the levels were hard to understand or misaligned with their own preferences. Sometimes

participants felt self-doubt if their selection was assigned a low recommendation level.

D.2.3 How did system recommendation or ranking influence participants’ exploration and decision? Relevance

judgment. Ten participants mentioned that the relevance score assisted them in judging which candidates are

relevant to the modeling goal. Some participants thought relevance was “hard to quantify”, therefore requiring

deep thinking and some “guessing”. But with the relevance score, the required efforts for relevance judgment are

reduced, so they can focus on making their choices. This is especially true since the task requires participants

to consider both problem relevance and the resulting model’s performance. Having the relevance objective

quantified and easily available allows fast decision-making. For instance,

P26: I maybe prefer the one with the relevance, although I know it is a reference, it also helped me. It saved my

time too. I don’t need to do all the combination in my mind randomly. Instead, I can choose from the relevant rank,

and then, according to rank, I can choose. Maybe the relevance score is not 100% correct. I can take it as a reference.

So in this way I can only consider, like, the accuracy.

The relevance score also served as another perspective, informing participants whether they are “in the right

direction or not” and provided confidence in their selection. Participants were aware that these relevance scores

cannot replace their own judgment. However, they appreciated having a reference.

P35: You know, I have my own notion of what I think is relevant. But right, if you call that relatively objective,

then it, you know, makes me sort of check my sort of gut instinct.

P47: Because the relevance score ranking help me to guide ... to make quick judgment about whether I’m in the

right direction or not, so I can think more on the performance. If there is a ranking for the relevance, although it’s

generated by a large language model, it still can make me a bit easier to find the relevance.

Filtering. Ten participants mentioned that ranking by the relevance score, model performance, and recom-

mendation star levels helped narrow down their selections as this information allowed them to filter out “less

ideal” options.

P12: If I’m using the relevance ranking one I can just check, like the top, like maybe 5 high relevance ones and try

to see which one has a really high sensitivity.

P20: I think on the 1st version I kind of like the star system because it says like these are it because it groups things

that are like similar in like overall performance, so it tells me, like these are still all performing really well, and like

these are performing less well, like, I probably wouldn’t look at the 3 stars.

P29: It is helpful, because with a listing by sensitivities, I tried to avoid the ones with really low sensitivities, so like

the second, or like the half with the low, the lower sensitivity. I try not to look at those.

Some participants adopted the strategy to first filter candidates based on one objective, and then choose based

on the second objective. This was thought to be an easier strategy than thinking about the tradeoff relationship

between two objectives.

P28: I only need to pay attention to that thing and then think other things, because kind of filter out like the ones I

don’t like. Yes, and then it’s like, it’s have less choices. I feel so it’s easier. But the 1st one (the Pareto Front condition)

is the one I need to trade off. Have trade off more. Yeah, that’s a long time.

Although the filtering approach reduced effort, it may also cause participants to miss their ideal options if

those options were ranked lower. For instance, P11 was using the Performance First condition in one of the

study sessions. His final choice was located on the fifth page of the ranked list. He commented:
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P11: So if I’m not patient enough, I would just go with someone in the 1st page, right? And then I feel like it might

be a wrong choice. But then, after I scroll to like the very end, the 4th or 5th page, I just find the one that I want to

choose. So yeah, I mean, if I’m not patient enough, I probably just gonna miss that one.

Required exploration and efforts. In total, 17 participants mentioned that using certain system conditions

required more effort. Ten participants mentioned that the Baseline condition required more efforts comparing

to the other condition, as it required “testing out things one by one”, “trials-and-errors”, “going back and

forth between selections”, and remembering what was tried and what were the good options. Five participants

mentioned that the Relevance First condition required more effort compared to the conditions with model

performance information. It was because it required clicking on options to view model sensitivity scores.

P8: It took me longer time to see the distribution of sensitivity scores.

However, one participant mentioned that despite requiring more effort, the Relevance First condition

encouraged them to explore more options.

P7: I think the 1st version is better towards encouraging me to explore different options, because I have to actually

click through more, and because it takes a lot of energy to click through 55 options like, I think, I’m more incentivized

to mentally determine which features matter more.

System bias, self-doubt, and agency. Eighteen participants mentioned that they felt the system ranking or

the recommendation levels biased their selections. Participants felt that they were more inclined to select from

the top of the ranked list or select the options with higher scores (recommendation levels or relevance scores).

When their choices disagree with those of others, they feel self-doubt.

P3: The recommendation was interesting, because I feel like it did sort of like make me question my choice, right,

whether good or bad. So it either validated my choice like this one. I think it validated it because it was a 5 star. It

was the 3rd choice, and I thought those 2 variables were very relevant. But the other one, what I thought I wanted

was like a 4 star. So it made me kind of question that, had me go back in a little bit more. But I thought it was helpful

to see like where the model thought it was right compared to what I thought.

For some participants, this self-doubt or disagreement caused discomfort. For others, this changed their beliefs

about what the good options were. For instance, P42 used the Performance First condition in one of the sessions.

After noticing that some options had higher sensitivity, they gave extra thought on why the proxy target could

be relevant.

P42: I think I chose 2 different things. But then, my decision got changed a little bit because I realized these ones

have higher sensitivity. And then when I give it more thought, I realized, okay, there’s a reason that this could be

relevant. And I kind of gave it more thought as to why that might be the case.

Some participants noticed that when using different conditions, they weighted the two objectives differently.

P29: I think the 1st one didn’t give you a list of all the sensitivities. I think using that one I was more focused on

like the relevance. And then the second one, you can see all the sensitivity, makes me more focused on the sensitivity

and not as much relevance.

Six participants mentioned that they felt they had more control when using the Baseline system versus other

conditions. Participants reflected that the Baseline condition allowed them to apply their own strategy and made

focused selections based on their preferences rather than going through a long list of options recommended

by the system. Participants also mentioned that they were making “data-driven” decisions and were pushed to

select the top-ranking candidates when there were recommendations. In comparison, when using the Baseline

condition, the system cannot sway them.

P45: I would say the second one (the Baseline condition) definitely got me into the like, the juggling part, the

actual like changing thing part. I think that’s very helpful, and it kind of feels like I am more actively choosing things

versus the other one. I’m just like browsing through a list and picking one on balance.
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