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Abstract

Predictive modeling often faces challenges due to limited data availability and
quality, especially in domains where collected features are weakly correlated
with outcomes and where additional data collection is constrained by ethical
or practical difficulties. Traditional machine learning (ML) models struggle to
incorporate unobserved yet critical factors. We propose a framework that leverages
large language models (LLMs) to augment observed features with latent features,
enhancing the predictive power of ML models in downstream tasks. Our novel
approach transforms the latent feature mining task to a text-to-text propositional
reasoning task. We validate our framework with a case study in the criminal justice
system, a domain characterized by limited and ethically challenging data collection.
Our results show that inferred latent features align well with ground truth labels and
significantly enhance the downstream classifier. Our framework is generalizable
across various domains with minimal domain-specific customization, ensuring easy
transfer to other areas facing similar challenges in data availability.

1 Introduction

In numerous application domains, predicting individual outcomes and optimizing resource planning
are critical but often limited by gaps in data availability and quality. Despite the popular belief that
we operate in a “large data regime,” many decisions, especially those impacting human lives, have to
be made based on small amounts of data with limited features, such as in criminal justice, healthcare,
and social services (Lu et al., 2021; Yuan et al., 2023). This poses both technical limitations and
ethical concerns. Traditional ML models, while powerful, are limited by the availability of collected
(observed) data features. This limitation is especially prominent when it comes to incorporating
unstructured data or inferring nuanced relationships between observed features and the outcomes. In
this paper, we explore how domain-informed language models can help identify latent (unobserved)
features and improve prediction accuracy for downstream tasks.

We illustrate our motivation with an example from the criminal justice setting. Predicting an
individual’s in-program revocation probability (chance of committing a new crime during probation)
is critical for determining their eligibility for incarceration-diversion programs and for planning
resources like staffing ratios (Rotter and Barber-Rioja, 2015; Li et al., 2024). Typically, the data
collected includes only a limited set of features, e.g., basic demographic and criminal history
information. Crucial factors such as socio-economic status, community support availability, or
psychological profiles, which significantly influence outcomes, are often missing from these datasets.
Collecting such sensitive information can be invasive and raises ethical concerns. Additionally, the
process of gathering these data can be logistically challenging and resource-intensive. Human case
managers in these settings often have the advantage of drawing on their professional experience
and human intuition to infer these critical but unrecorded details from observed data. In contrast,
traditional ML models cannot reason beyond the explicit data provided, leading to predictions based
on incomplete information. This limitation not only undermines the accuracy of the models but also
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poses concerns regarding the fairness of decisions derived from such data. Moreover, ML models are
not designed to handle unstructured data like case notes, which may contain contextual insights to
improve prediction accuracy.

Recent advancements in large language models (LLMs) offer a promising avenue to bridge these data
gaps (Brown et al., 2020; Ouyang et al., 2022; Achiam et al., 2023). LLMs are capable of processing
and generating information in a way that mimics human reasoning, allowing for the inference of latent
features that are not directly observable but are critical for accurate predictions and decision-making.
They can also analyze both structured and unstructured data to offer a holistic view of the underlying
factors influencing individual outcomes.

Our proposed framework leverages LLMs to augment observed features collected in given datasets
with latent features, enhancing the predictive power of ML models for downstream tasks such as
classifications. Unlike conventional data augmentation approaches to increase the sample size, we
train LLMs to infer underlying socio-economic conditions, treatment needs, and other critical but
often unrecorded characteristics from collected features. This augments the feature space X to
improve predictions. Additionally, our framework enables generating more complete and realistic
synthetic data points via learned correlations between observed and unobserved features for simulation
and counterfactual policy analysis. We summarize our main contributions as follows.

1. We introduce a novel approach to formulate latent feature mining as text-to-text propositional
logical reasoning. This approach effectively infers latent features from observed features, offering
significantly improved accuracy and interpretability compared to alternative approaches.

2. We develop a four-step framework to implement our approach, which is generalizable with
minimal domain-specific customization and has remarkably low human-annotated training data
requirements. This framework expands data utility by enhancing downstream predictions without
additional invasive or forbidden data collection.

3. We empirically validate our framework in the criminal justice setting to address weak observed
features and unbalanced datasets. Designed as a plug-and-play solution, we demonstrate our
framework’s adaptability through two different prediction tasks, making it valuable for various
applications with similar challenges.

2 Background and Related Works

Data Augmentation and Latent Feature Extraction. Data augmentation is a technique commonly
used in Al (Van Dyk and Meng, 2001). Generative models, such as Generative Adversarial Networks
(GANSs) and Variational Autoencoders (VAEs), learn data patterns and generate synthetic data to
augment training sample size (Goodfellow et al., 2014; Kingma and Welling, 2013). Unlike these
approaches, our framework leverages LLMs to augment the features of different individuals. Trained
on crowd-sourced data rich in human behavior and societal context, LLMs have the potential to
enhance feature spaces for social computing and operations improvement.

Latent features are hidden characteristics in a dataset that are not directly observed but can be
inferred from available data. Incorporating meaningful latent features can enhance the performance
of downstream applications (Zhai and Peng, 2016; Jiang et al., 2023). Two common approaches to
infer latent features are human annotation and machine learning models. Human annotation, while
reliable, is often expensive and time-consuming. It requires significant effort and resources, making
it impractical for large-scale tasks. Machine learning methods like Expectation-Maximization (EM)
and VAEs offer alternative techniques to infer latent features from observed data. EM algorithms
estimate latent variable assignments and update model parameters to maximize data likelihood, but
their results can be hard to interpret and require strong parametric assumptions. Similarly, VAEs use
probabilistic approaches to describe data distribution with latent variables, but the learned mappings
can also be difficult to interpret.

Synthetic Data for Training. Fine-tuning is a promising approach for LLMs to reduce hallucinations
and align outputs with real-world data and human preferences (Tonmoy et al., 2024; Qiao et al.,
2022; Hu et al., 2021). Synthetic data has proven to be an effective, low-cost alternative to real data
to improve the LLMs’ reasoning performance across various domains (Liu et al., 2024). Studies
by (Zelikman et al., 2022), (Wang et al., 2022) demonstrate that synthetic data improves model
generalization and robustness. Our approach also uses synthetic data to augment training during
fine-tuning. Unlike existing work that directly mimics observed features, we are one of the first
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to formulate the generation of synthetic latent features as a reasoning task. Our approach employs
few-shot prompting to create synthetic data that infers these latent features, followed by fine-tuning
to enhance model accuracy and reduce hallucinations. This technique falls under the self-instruction
paradigm, where models iteratively learn from augmented data.

Note that we distinguish between augmenting the feature space and augmenting training data. Our
primary goal is to augment the feature space by inferring and adding latent features to the observed
data to improve downstream predictions. As part of the steps in our framework to achieve this
goal, we augment training data for LLM fine-tuning with synthetic samples to improve the model’s
reasoning capabilities.

Incarceration-diversion Programs and Data Description. This work conducts case studies on
incarceration-diversion programs, which aim to support individuals who have committed minor
offenses by providing community-based services to improve societal reintegration and reduce re-
cidivism. Eligible individuals were diverted from traditional incarceration to such programs after
risk assessment and screening. Case managers determined specific program requirements, such as
substance use treatment and cognitive-behavioral therapy. There are four types of program outcomes:
Completed (successfully completed the program), Revoked (committed new crimes while in the
program), Not Completed (unable to finish for various reasons), and Other (unrecorded reasons).

We obtained de-identified data from our community partner for a state-wide incarceration-diversion
program in Illinois. The consolidated dataset includes records of adult participants admitted to the
program. The collected data features include timestamps such as the arrival and termination dates to
the program, program outcomes, and individual features such as the race, gender, education, county,
marriage status, housing, risk assessment scores, prior crime history, and sources of referral (e.g.,
from probation officer or from the court). See Appendix F for summary statistics.

3 The Problem Setting

In this section we formally describe our problem setting that leverages latent features to enhance
downstream tasks. The downstream task we focus on is a multi-class classification problem, but the
framework can easily extend to other downstream prediction tasks such as regression problems.

In a standard multi-class classification problem setting, suppose we have a dataset D =
(z1,11), (x2,Y2), - - -, (Tn, Yn), Where x; is a d-dimensional vector representing the input features
X e Xandy; € Y = {1,2,...,C} denotes the corresponding class label Y for individual
i =1,...,n. The goal is to learn a classifier f : X — ) that accurately predicts the class labels.
Consider the following scenarios in which f struggles to capture the relationship between X and Y:

1. The size of the training dataset is small relative to the complexity of the classification task or the
dimensionality of the feature space;

2. When the input features X are weakly correlated with class labels Y, the input features may not
provide discriminating information to accurately predict the corresponding class labels.

To address these challenges, we could use additional informative features to enhance the classifier’s
ability to capture the relationship between X and Y. Latent features can serve such a purpose.

Definition of Latent Features. ﬂ.
Latent features, denoted as Z, represent underlying attributes that are

not directly observed within the dataset but are correlated with both the

observed features X and the class labels Y. We use a function g with %)

Z = g(X) to denote the correlations between the latent features and the fz)
observed features X. As shown in figure 3, latent features Z are correlated

with X and Y. One can learn the latent features from the original features @

X and augment the features f(X, Z) to learn the classifier Y.

In typical ML settings, latent features primarily reduce the dimensionality of the feature space.
Beyond this, latent features can capture discriminative information not explicitly present in the original
features. Our approach focuses on this latter benefit, extracting informative latent representations
to help classifiers better differentiate between classes. Essentially, Z acts as ensemble features
derived from the original features X, capturing complex patterns that individual features might miss,
especially when X is weakly correlated with the outcome Y.
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While this approach seems beneficial intuitively, it is important to note that adding more features is
not always helpful if the extracted features are not meaningful and introduce noise. In the following
lemma, we show in a simple logistic regression setting that while adding features can reduce in-sample
loss, it does not always reduce out-of-sample loss if the added features are not informative. We use
the log-loss (the cross-entropy loss) of the logistics regression for binary outcome Y € {0,1}. We
denote the optimal coefficients that minimize the in-sample log-loss function as 5* for the original

features and 3* for the augmented features.

Lemma 1. The in-sample log-loss always follows E’"(f?,ﬁ*) < L™(D,B*). When the added
features are non-informative, there exist instances such that the out-of-sample log-loss L7 (D, 5*) >

E()Mt(D7 B*)'

The results in the lemma can be generalized to multi-class labels. Since augmenting the feature space
is not necessarily beneficial unless the added features are meaningful, a major part of our case study
is to empirically test whether the extracted features from our framework indeed improve downstream
prediction. If the added features significantly enhance downstream prediction accuracy, this provides
strong evidence that the inferred latent features are meaningful.

4 Latent Feature Mining with LLMs

To overcome the limitations of existing approaches, we propose a new approach to efficiently and
accurately extract latent features and augment observed features to enhance the prediction accuracy.
At a high level, our approach transform the latent feature mining as a text-to-text propositional
reasoning task, i.e., infer the relationship Z = ¢g(X) through logical reasoning with natural language.

Following the framework established in previous work (Zhang et al., 2022), we denote the predicates
related to the observed features as Py, P, ..., P,,. Consider a propositional theory S that contains
rules that connect P’s to the latent feature Z. We say Z can be deduced from S if the logic implication
(PAANPyAN...NPy) — Ziscoveredin S. For potentially complicated logical connections between
P’s and Z, we also introduce intermediate predicates O’s and formulate a logical chain (a sequence
of logical implications) that connects X to the latent features Z as follows:

Our approach formulates this logical chain as a multi-stage Chain of Thoughts (CoT) prompt template,
and then guide LLMs to infer Z from X using the prompt template. Specifically, we first extract
predicates P’s from X. Then we infer intermediate predicates with arule (P APy A...APp,) — Oy
forl =1,...,¢—1, and forward the intermediate predicates into the next stage to infer O; ;. Finally,
we infer latent features with (O1 AO2 A...AOy) — Z. With the formulated multi-stage CoT prompt
template, we generate synthetic data to fine-tune LLMs to enhance the logical reasoning ability of
LLMs in self-instruct fashion (Wang et al., 2022), and ensure that the generate text is aligned with
each step of our desired “chain of reasoning” format.

(gt&: 28 Race: White \

Gender: Male Marriage: Single

— [ Socioeconomic Status: Low ] N

Program Requirements:

Education: Less than 10™ grade

Social Relationship: q

Employment: Part Time Lack of 1 P 1. Education
ack of long-term support

Housing Level: Rent 2. Substance Abuse Treatment

Living Area: High Crime area 3. Community Service
. B Challenges:

Primary Drug:  Marijuana L, 1. Financial Difficulty J/

Admitting offense: Property Offense 2. Substance Abuse Issue

wessed Risk Level: High Risk/

Figure 1: Example of latent feature mining through chain of reasoning

We use a hypothetical example from our case study setting to illustrate the formulation of the logic
chain. The blue (leftmost) box in Figure 1 shows the observed feature X for one individual. Examples
for the predicates P’s formulated from X could be:
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Py :“the client has part-time job”, Ps : " the client hasn’t complete high school”,
Ps :“the client is single”, Py : "the client has drug issue", Ps :" the client lives in
high crime area", Pg : " the client is assessed with high risk" ...

To infer the latent feature Z — in this example, the required programs to attend during probation — we
go through a multi-stage reasoning to infer the intermediate predicates O’s; see the white (middle)
boxes in Figure 1. One example logic that connects P’s to O’s could be:

Py = "The client has unstable employment"

Py = "The highest education level of client is less than 10th grade"”
O1 = "The client has low socioeconomic status"

If (P, APy, — Oq) € 5, then Oy is True.

Finally, with P’s and O’s, we can connect X with Z though the logic chains. One example of the
logical chain is as follows:

“The client is grappling with unstable employment and a relatively low educational
level, factors that likely contribute to a low socioeconomic status. Additionally,
being single, struggling with drug issues, and residing in a high-crime area further
exacerbate the lack of positive social support. Given these circumstances, education
could serve as a valuable intervention. Community service can be particularly
beneficial for someone who is single and may lack a broad support network.
Substance abuse treatment is crucial for individuals from lower socioeconomic
backgrounds to aid in recovery from substance abuse. Hence we can choose
education, substance abuse treatment, community service for this client.”

Here, “unstable employment and a relatively low educational level” and “being single, struggling
with drug issues, and residing in a high-crime area” are P’s extracted from the features X, while
“a low socioeconomic status” and “lack of positive social support” are O’s. Finally, the rationales
“education could serve as a valuable intervention ... recovery from substance abuse. Hence we
can choose education, substance abuse treatment, community service for this client connect the
intermediate predicates to the latent variables Z (program requirements) we want to infer, i.e.,
Zy1="education’, Z,="substance abuse treatment’, Z3=‘community service’.

Step 1: Formulate Correlation Step 3. Finetune LLMs

( Obs;r{ved Fe}aEures } H@ . ’m‘ .%.
11T s /

pa3e[a110d

‘/ S/erlg—rlnstrucrtre‘d\\‘ C] S [
\ ] CoT Data/// C] @

Step 2: Augment Synthetic Data Infer Latent Feature

Step 4:
from Observed Feature

Figure 2: Overview of latent feature inference framework.

Figure 2 illustrates the full process of of our proposed framework with four steps.

(1) Formulate baseline rationales: The first step is to formulate baseline rationales, whic serve as
guidelines for LLMs to infer latent features from observed ones. This involves two sub-steps:

— The first sub-step is to develop some baseline rationales, i.e., identify observed features potentially
correlated with latent features and formulate their relationships — the logic chain that connects X to Z.
Sources to help formulate these baseline rationales include established correlations (e.g., risk score
formulas), human input, and external information like socio-economic status in the neighborhood.

— In the second sub-step, we craft prompts with interactive alignment. This is a critical component
to establish correct reasoning steps for prompts used in Step 2 to generate synthetic rationales. We

W
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involve human who are experienced in the domain to provide a prompt template for LLMs to generate
rationales aligned with the baseline rationales, then test the prompt template on a few examples
using zero-shot. If the LLM fails to certain example, we provide the ground truth back to the LLM,
allowing it to revise the prompt template (Miao et al., 2023). This process iteratively refines the
template until LLMs consistently generate the desired output for all selected examples.

(2) Enlarge data with synthetic rationales for fine-tuning: We generate synthetic training data in
self-instruct fashion (Wang et al., 2022). With a handful of examples of the baseline rationales as a
reference, we then guide the LLMs via in-context learning to generate similar rationales to enlarge
the training data samples. To ensure the quality and diversity of the generated dataset, we introduce
human-in-the-loop interventions to filter out low-quality or invalid data based on heuristics. We
also leverage automatic evaluation metrics for quality control, e.g., removing data that lack essential
keywords.

(3) Fine-tuning LLLMs: To enhance the reasoning capabilities of the LLMs and better align their
outputs in specific domains, we employ a fine-tuning process which utilizes the processed dataset
from the previous step (Qiao et al., 2022). Fine-tuning not only boosts the accuracy and reliability of
the LLMs, but also significantly improves their ability to reason with complex inputs, and reducing
hallucination (Tonmoy et al., 2024).

(4) Latent feature inference: The fine-tuned model is able to mirror the nuanced decision-making
process of human experts. We use the fine-tuned model to identify latent features and feed them into
downstream prediction tasks.

Regarding the generalizability of our framework, Steps 2-4 rely primarily on the mechanics of
LLMs, which naturally have a high degree of adaptability across different domains. Step 1, which
involves the identification and formulation of baseline domain-specific rationales, requires more
expert knowledge. To assist with Step 1, our interactive-alignment strategy can help craft effective
prompts by allowing iterative refinement based on feedback, reducing the burden on domain experts.

5 Experiments Setup

In this section, we demonstrate the efficacy of our proposed framework on a unique dataset from
a state-wide incarceration diversion program as described in Section 2. We design two sets of
experiments to empirically investigate: (1) Can our approach accurately imitate the human thinking
process to infer latent features? (2) Is our approach more effective than alternative techniques to infer
latent features? (3) Does our approach enhance the performance of downstream prediction tasks?

In the first experiment, we treat the risk level of individuals as a latent feature, despite it being collected

in the dataset. This experiment examines whether the latent features Z inferred by LLMs match well
with the actual features Z. In the second experiment, we assume that the program requirements are
latent features, which lack ground truth labels for most individuals (only a few dozen individuals
have the program requirements recorded in the data). We first have LLMs deduce these requirements,
then add them to the downstream prediction task of program outcomes Y ~ f(X, A ) and evaluate
whether the prediction accuracy is improved, i.e., the inferred features are indeed beneficial and not
detrimental (recall the results in Lemma 1).

5.1 Risk Level Prediction

Task Description. In this task we treat an observed feature—Risk Level—as the latent feature to
infer. The task is a multi-classification problem to learn Z ~ g(X) among four labels for the latent
variable Z € {moderate, high,very_high} based on each client’s profile X.

Implementation Details. We implement our proposed framework as follows. All prompt templates
are attached to Appendix section C.

- Step 0. Profile writing: In this pre-processing step, we translate structured profile data X into
text that can be better handled by LLMs, i.e., formulating predicates P’s from the features X. To
enrich the profile with important in formations that could potential benefits the following steps,
we formulate the intermediate predicates O’s, where we prompt LLMs to extract and summarize
underlying information such as background, socio-economic status, and challenges in two or three
sentences. We then merge these sentences into the client’s profile. We use zero-shot prompting with
GPT-4 for this step.
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- Step 1. Formulating rationales: Using human input, established risk score calculations (Corrections),
and the code book with risk calculation details provided by our community partner, we summarize a
general rule for inferring risk levels from the predicates, i.e., establishing the logic chains from P’s
and O’s to Z. We then sample 40 client features from the dataset and manually formulate 40 baseline
rationales that logically connect features to corresponding risk levels and that are aligned with the
high-level general rule. To avoid the primacy effect of LLMs, we rate risk scores from O to 10 to add
variability in the labels, categorized as follows: 0-4 (moderate risk), 4-7.5 (high risk), and 7.5-10
(very high risk).

- Step 2. Enlarge fine-tuning data: With the 40 baseline rationales, we generate additional synthetic
rationales. We sample client features and corresponding ground truth risk scores from the dataset,
using one of the 40 rationales as an example, to prompt LLMs to produce similar narratives with CoT
prompts. In total we got 3000 rationales for the training data.

- Step 3. Fine-tune LLMs: Our framework is designed to be plug-and-play, allowing the synthetic
data generated in the previous step to be used across different language models. We fine-tune two
pre-trained language models for cross-validation purposes: GPT-3.5 and Llama2-13b(OpenAl, 2021).
We use OpenAl API to fine-tune GPT-3.5-turbo-0125 (Touvron et al., 2023; OpenAl). We fine-tune
Llama2-13b-chat using LoRA (Hu et al., 2021).

- Step 4. Inference with LLMs: We prompt fine-tuned LLMs to infer risk level Z; from features X;
for each client 7 in the test data and evaluate the out-of-sample accuracy by comparing the inferred

latent variable (risk level) Z; with the ground truth label Z;.

Evaluation. We choose ML classifiers (e.g., Neural Networks or Gradient Boostlng Trees) as the
baseline to infer Z; from features X;. We compare the prediction performance of Z; inferred from
our approach with that from ML models using out-of-sample accuracy and F1 score. Additionally,
we evaluate the quality of generated text with an automatic evaluation metric. In the pre-processing
step, we assess the keyword coverage rate in the generated profile assuming each feature value is
a keyword. For synthetic rationales, we use YAKE, a pretrained keyword extractor (Campos et al.,
2020), to identify keywords. We then evaluate the keyword coverage rate with a rule-based detector
to determine how many logical information points are covered.

5.2 Outcome Prediction

Task Description. In this task, we treat the program requirements (e.g., substance treatment,
counseling) for each client as the latent features Z and use them to augment the original feature X for
outcome prediction, which is a multi-classification problem to learn Y ~ f(X, Z) among four labels
for the outcome Y € {Completed, Revoked, NotCompleted, Other}. The raw dataset does not
record the program requirements except for a very few clients; thus, the latent feature Z in this task
is truly unobservable (in contrast to the one used in the first task). Available program requirement
options for this task are attached to the appendix section D.

Implementation Details. Steps O and 2-4 remain almost the same as in the risk-level prediction
task. Step 1 requires a slight adjustment (as discussed in Section 4, this step is the main part in
our framework that requires customization). Here, we formulate 40 baseline rationales in step 1 to
deduce clients’ program requirements from their features. We leverage multi-stage prompting strategy
(Qiao et al., 2022) to break down the task into three sub-tasks: (1) identify the main challenges
from the client’s profile, (2) rank these challenges by priority, (3) match the challenges with suitable
requirements. Particularly, the third task is our main goal, with the first two serving as steps to
streamline the process and simplified the task.

Evaluation. We train an ML classifier to predict outcomes with and without the inferred latent
features, i.e., Y; ~ f(X;, Z;) versus Y; ~ f(X;). We evaluate the out-of-sample accuracy by

comparing the predicted outcome Y; with the true label Y; in the test data. This comparison allows us
to assess whether incorporating the latent features enhances the classifier’s performance.

6 Results

In this section, we demonstrate experiments results for two case studies we designed and additional
results for sensitivity analyses.
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6.1 Risk Level Prediction Results

As mentioned in Section 5.1, we infer risk level on the client’s profile. We compare our approach’s
performance to baseline ML model’s performance using the accuracy score and F1 score. Before
showing this performance comparison, we first show results on the generated text quality.

Generated Text Quality. For profile writing in Step 0, we treat each individual feature in X; as a
keyword to cover, and measure the keyword coverage rate. The generated profiles demonstrated an
average keyword coverage rate of 98%, indicating that they effectively capture the most important
information from the original data. For the generated synthetic rationales in Step 2, we treat terms
such as age, gender, employment, and education as critical keywords and assess their coverage rate.
The fine-tuned GPT-3.5 and Llama2-13b-chat both achieved a keyword coverage rate of 100%. This
indicates that the generated content adheres strictly to the guidelines established in the training data,
ensuring that all necessary information is accurately represented.

Latent Variable Inference Performance. As shown in Figure 3(a), our approach achieves the
highest overall accuracy. In particular, the fine-tuned GPT-3.5 achieves an accuracy that is 20%
higher than other baseline ML approaches. The reason that ML models struggle to predict well
is due to the fact that there is no strong correlation between the observed features and the targets
(risk level); see the correlation plot in Appendix F. In contrast, our approach demonstrates superior
performance, since it more effectively handles datasets with subtle or non-obvious relationships
between the observed and target variables. This result shows that our approach is able to make
accurate inference of latent features and outperforms traditional ML approaches.

| Category | LR | MLP | RF | GBT | LLaMA2 | GPT3.5 |
| Moderate | 0.51 | 0.54 | 0.44 | 046 | 057 | 0.69

|
| High |0.65] 055 |069] 066 | 070 | 081 |
.I.I | Very High | 0.20 | 0.11 | 0.18 | 0.18 | 038 | 081 |

v (b) F1 scores
(a) Model accuracy
Figure 3: Risk level prediction results: (a) Model accuracy; (b) F1 scores per-category. LR - logistic
regression; MLP - Neural Networks; RF- random forest; GBT - Gradient Boosting Trees.

Table 3(b) details the prediction performance by class, showing F1 scores for each class using ML
models and our approach. Notably, all ML models struggle with the ‘Very High Risk’ category
— this category is often misclassified as ‘High Risk’ due to similar feature distributions of these
two categories and unbalanced data (only 371 training points for ‘Very High Risk’). In contrast,
our approach significantly improves the prediction performance for this category, highlighting its
effectiveness for unbalanced datasets. This improvement is likely because our LLM-based approach
has intermediate steps (profile writing to obtain the socio-economic status and other contextual factors
in step 0 and connecting these factors with the latent variables in step 1), which help capturing the
subtle distinctions between ‘High Risk’” and ‘Very High Risk’ that are not explicitly recorded.

6.2 Outcome Prediction Results

As mentioned in Section 5.2, we infer program requirements as additional latent features and use
them for the downstream outcome prediction task. We compare the performance of the downstream
classifiers that trained with and without the latent features. Note that in the first task (risk-level
inferrence), GPT3.5 demonstrated better performance than llama2-13b. Thus, we focused on fine-

tuning GPT-3.5 when using our approach for this task.
As illustrated in Table 4(a), incorporating latent features significantly improves the performance

of the downstream classifiers. Specifically, the addition of latent features increases the ROC AUC
score of Logistic Regression from 0.70 to 0.89 and from 0.84 to 0.92 for the Gradient Boosting Tree.
Furthermore, the feature importance in Figure 4(b) shows that the inferred features — ‘requirement_1",
‘requirement_2’, and ‘requirement_3’ — are among the top-ranked features. This implies the significant
relevance of these features on the downstream classification task. Hence, we can conclude that our
approach has the capability of enhancing the downstream classifier’s accuracy with inferred
latent features.
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Figure 4: Outcome prediction results: (a) Model performance with/without the inferred latent
features (program requirements); (b) feature importance plot. LR - logistic regression; MLP - Neural
Networks; GBT - Gradient Boosting Trees.

6.3 Sensitivity Analysis

In our sensitivity analysis, we further investigate the following three questions: (1) How sensitive is
our approach to the quality of human guidelines? (2) How important is fine-tuning in our framework?

For the first question, perhaps not surprisingly, our approach is sensitive to human guidelines,
specifically the baseline rationales and prompt templates formulated in Step 1. We have conducted
an ablation study to determine the optimal level of details required in the prompts. As shown in
Figure 9 in Appendix D, the best performance was achieved with the most reasoning steps and a
sentence length of two per step. In other words, increasing the number of reasoning steps allows
us to decompose the task into simpler components and enhances the performance of LLMs. More
importantly, while human guidelines are important, the interactive self-revise alignment strategy
can significantly help during the sub-step of Step 1 (prompt crafting). By providing ground truth and
encouraging self-reflection, GPT-4 can revise the prompt template to include crucial details, ensuring
a more accurate evaluation.

The answer to the second question is that fine-tuning is necessary. We have conducted another
ablation study, where we repeated the risk-level prediction task with zero-shot, one-shot, and three-
shot prompting to compare with our fine-tuned model. In zero-shot, we provided only the task
description. In one-shot and three-shot, we included randomly selected human-verified examples.
Accuracy rankings from lowest to highest were: three-shot (40%), zero-shot (55%), one-shot (60%),
and the fine-tuned model (75%); see Table 9 in Appendix D. The three-shot’s poor performance
may be due to information loss from long inputs. Zero-shot responses are highly variable and not
well-suited for downstream tasks. Although one-shot showed improvement, the fine-tuned model
significantly outperformed all others.

7 Discussion

This study presents a framework that leverages the capabilities of LLMs to enhance the prediction
accuracy in downstream tasks without necessitating invasive data collection methods. Our approach
reduces the need for collecting extensive personal data, thus mitigating privacy concerns. This aligns
with ethical data usage standards, especially in sensitive domains. Note that we do not explicitly
address bias in the data or LLM reasoning processes in this paper. We excluded the ‘race’ feature in
our case study and found alignment in risk level distributions across genders, implying no additional
bias introduced by our approach. However, existing biases in LLMs could be perpetuated if not
monitored and adjusted. Addressing these biases is beyond this paper’s scope and is left for future
research as a critical area.

This framework has vast potential applications, particularly in areas with limited data and ethical
constraints. For example, in healthcare, our framework can help predict readmission or post-discharge
mortality by inferring unrecorded social determinants of health. For low-volume niche product rec-
ommendations, our framework can synthesize customer preference data to enhance recommendation
systems without extensive user tracking.
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Appendix

A Proof of Lemma 1

We use the log-loss, defined as

n

1
LD, )=~ > [yilog(pi) + (1 — yi) log(1 — py)] (@)
i=1
for given data D = {(z;,y;)}7_, and p; = 1/(1+ e~ (Po+5A1)) When using the augmented feature
i; = (v, 2), we denote the data as D = {((z, ), y;) }1.
For the first part of the lemma, we note that the in-sample log-loss for the original features follows

n

LD, 5) =~ " [ los(pe) + (1~ y7) oa(1 ~ po)], G)

i=1
and the in-sample log-loss for the augmented features follows

n

LD, ) =~ 3 [yilog(in) + (1~ y:) log(1 — )], @

=1
where p; = 1/(1 + e~ Fo+A1ed) and p; = 1/(1 4 e~ Pothzithzzi)),

We denote the optimal coefficients that minimize the log-loss in (3) as f* = (85, 87), and the
coefficients that minimize the log-loss in (4) as 8* = (8§, 87, 35). Note that 5§ = (55, 87,0) is a
feasible solution for the log-loss in (4). Therefore, using the optimization property, we have

Lin(D’B*) < Ein(D’B) — Ein(D,ﬂ*),
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which completes the first part of the lemma.

For the second part of the lemma, we first assume that for the given data D, Ei"(f), B8*) =
LMD, B*) — €/n where € > 0 from the first part of the lemma. We now construct an instance
with an out-of-sample dataset D’ that contains n + 1 samples, where D’ consists of (i) the n data
points that exactly match with D (or D) for the first n samples, and (ii) one additional sample
(i1, Yi+1) (or (%41, Zi+1), Yi+1) when using the augmented features). Without loss of generality,
assume that y;4; = 1. Then we have

EOUt(D/HB*) = n+ 1 (’I’L[,m(D,ﬁ*) - IOg(pz+1)))

and )
LoD, ) = —— (n£™(D, 3*) = log(fi1)) ) -
n+1
When the added features Z’s are non-informative, we consider the scenarios that they are noise and
the additional term 5 Z also contributes noise to the predictions. In other words, the coefficients 5*
do not generalize well to the test data. Therefore, there exists an instance where the realization of 7,
z;i+1 deviates from the predicted probability significantly, such that

Pir1 < pir1/exp(e) < piy1.

Note that this instance exists since the noise terms do not correspond to any actual pattern in the test
data, causing incorrect predictions, and in our construction, a smaller predicted probability would be
less accurate as the label y; 11 = 1. Therefore,

—log(pit1) > —log(pit1) + €,

and
EOut(b/,B*) = - i 1 (nﬁin(D,g*) —€— IOg(ﬁiH)))
> g (LMD, B7) —log(pita))) = L™(D', 57).

B Compute Resources

For all experiments, we split data into training and testing dataset with ratio of 8:2.

For experiment 1 (risk level prediction), we finetune LLaMA2-13b-chat on 2 X NVIDIA RTX A6000
for 4 hours with LoRA. And we finetuned three times for different subtasks. We use OpenAl offical
API to finetune GPT3.5 model, which requires no GPUs. Each finetune job takes about 2 hours. We
repeat 3 times for different sub tasks. Additionally, we also run Machine Learning baseline model on
CPU (Intel i7). We run grid search for each classifier.

For experiment 2 (outcome prediction), we use OpenAl offical API to finetune GPT3.5 model, which
requires no GPUs. Each finetune job takes about 2 hours. We repeat 6 times for different sub
tasks.Additionally, we also run Machine Learning baseline model on CPU (Intel i7). We run grid
search for each classifier.

All other experiments (e.g. sensitive experiment) are conducted on ChatGPT, which requires no GPU.

C Prompt template

12



Task: Write a paragraph to profile the client, please include following:

Write sentences to cover all basic information provided.

Provide information about the area of this client live in, as much more details as you can.
Infer social economic status of this client

Infer the challenges that this client might facing.

ENIOVI I

Here are the basic information of the client: <features>.

Here is the reference of living area context: <additional info>

Figure 5: Profile writing prompt

Here is the profile of a client: <profile>
Given the client’s information, please infer a risk score out of 10.

Given client’s information to infer risk score out of 10, we know that:

1. Employment (If client has unstable employment status, increase the score by 1.
Adjust score if needed):

2. Financial Status (If client has financial difficulty, increase the risk score by 1.
If client relies on social economic assistance, further increase the risk score by 1.
Adjust score if needed.):

3. Education (Increase the risk score by 1 if the highest grade of school completed is
less than grade 12. Further increase the risk score by 1 if the highest grade completed
is less than grade 10): _

4. Family and Marital (Increase score if client is dissatisfied with his/her current
marital relationships situation. Increase risk score if the client is a social isolate.
Adjust score if needed.):

5. Drug (Increase risk score by 1 if the client has ever had a drug problem. If the
drug problem is related with Heroin, further increase the risk score by 1. Adjust score
if needed.):

6. Living Area (Increase risk score by 1 if the client lives in a high crime
neighborhood) :

7. Age (Increase risk score by 0.3 if the client is under the age of sixteen):

8. Gender (Increase risk score by 0.3 if the client is male):

Conclusion:

Figure 6: Risk Level Prediction: Prompt template and response CoT template

Here is the profile of a client: <profile>
Analyze the provided profile of the client to infer the main challenges he faces.

Given the identified challenges for the client, infer the priority of each
challenge in terms of immediate action and long-term impact on his reintegration
into society. Please response in the ranking order. Here are the challenges: Here
are the challenges <challenges>:

Here is the available list of programs <program list>:

Given the profile and challenges of the client, select the top 3 program
requirements that would be most beneficial for the client.

Here is the profile of client: <profile + top 3 ordered challenges>

Figure 7: Requirement selection: Multi-stage Prompt template
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To select the top 3 programs that would be most beneficial for the client, let’s analyze each
available options:

1. Thinking for a Change (It aims to transform criminogenic thinking patterns with designed
cognitive-behavioral curriculum. Recommend for clients assessed at relatively high risk
level):

2. Employment (It aims to help client develop employability. Recommend this for clients with
unstable employment status): _

3. Education (It aims to engage clients in educational programs. Recommend clients without a
high school diploma or GED):

4. Positive Peer Mentoring (It offers positive role models and fosters a supportive network,
which can deter criminal associations. Recommend this for clients residing in high-crime
areas) :__
5. Community Service (It aids in building a sense of responsibility and community connection.
Recommend for clients with property offense or drug-related offenses):

6. Mental Health Treatment (It addresses underlying mental health issues that may contribute
to criminal behavior. Recommend for clients with a history of substance abuse or unstable
living conditions):

7. Anger Management (It focuses on teaching effective emotion and reaction management
techniques. Recommend for clients who exhibit aggressive behaviors or have property-related
offenses):__

8. Substance Abuse Treatment (It aims to help clients overcome substance dependencies.
Recommend for clients with histories of drug-related offenses or primary drug use):

9. Domestic Violence Counseling (It aims to address and modify violent behavior patterns.
Recommend for clients involved in violent incidents):

10. Sex Offender Counseling (It focuses on behavior modification and preventing recidivism.
Recommend for clients with sex-related offenses):

Conclusion:

Figure 8: Requirement selection: Response CoT template
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| Setting | Accuracy |
| Zero-shot | 55% |
| Onme-shot | 60% |
| Three-shot |  40% |
| Fine-tune | 75% |

(a) Risk level prediction
results across different
setting

ss D Ablation Study Results

Sentence Length
— 1
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(b) Risk level prediction results across different strategy

Figure 9: Ablation study results: (a) Experiments on risk level prediction task using GPT4 with
different prompting setting. (b) Experiments using GPT4 with different prompting setting different

prompting strategies.

so E  Program Requirements

Requirement Name Description

Thinking for a Change Aimed at transforming criminogenic thinking patterns using a cognitive-
behavioral curriculum, recommended for clients at a high risk level.

Employment Helps develop employability, recommended for clients with unstable
employment status.

Education Engages clients in educational programs, recommended for those with-

out a high school diploma or GED.

Positive Peer Mentoring

Provides positive role models and a supportive network, recommended
for clients in high-crime areas.

Community Service

Builds a sense of responsibility and community connection, recom-
mended for clients with property or drug-related offenses.

Mental Health Treatment

Addresses underlying mental health issues, recommended for clients
with a history of substance abuse or unstable living conditions.

Anger Management

Teaches emotion and reaction management techniques, recommended
for clients who exhibit aggressive behaviors or have property-related
offenses.

Substance Abuse Treatment

Helps overcome substance dependencies, recommended for clients
with drug-related offenses or primary drug use.

Domestic Violence Counsel-
ing

Addresses and modifies violent behavior patterns, recommended for
clients involved in violent incidents.

Sex Offender Counseling

Focuses on behavior modification and preventing recidivism, recom-
mended for clients with sex-related offenses.

Table 1: Available Programs
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ss F Data Description

Table 2: Categorical Covariates Summary Statistics (N/A or Other Categories are Omitted).

Variable Categories County
DuPage  Cook  Will  Peoria
Risk Highest 24.3 32.0 2.3 1.0
High 60.7 26.2 35.1 24.7
Medium 11.0 15.6 42.1 47.0
AdOffense Drugs 43.0 67.8 31.7 37.0
Property 31.1 17.6 52.5 46.3
DUI 11.1 2.3 3.8 1.0
OffenseClass Class 4 42.5 - 11.5 20.6
Class 3 13.5 - 5.7 5.7
Class 2 16.0 - 5.7 5.1
Pdrug Heroin 27.0 43.6 32.3 9.5
THC 18.6 18.5 17.5 21.6
Coc.Crack 7.8 10.9 21.0 11.6
ReferralReason Tech Violation 31.2 0.0 12.8 0.0
3/4 Felon 20.5 70.5 59.2 80.0
1/2 Felon 9.8 16.5 23.7 14.7
WhoReferred Prob Officer 64.7 97.3 1.8 0.0
Judge 32.0 1.3 0.7 91.3
Pub. Defender 0.6 0.0 753 2.8
Gender Female 25.2 213 21.7 19.8
Male 74.8 71.5 78.2 80.0
EmplymntS Full Time 49.7 85.7 38.2 6.7
None 32.3 4.8 59.2 92.0
Part Time 18.0 9.4 2.7 1.3
MaritalS Single 86.4 85.6 15.0 229
Married 59 7.1 1.8 5.7
Divorced 4.7 2.3 0.2 1.8
EducationS HighSchool 40.3 372 343 13.6
No HighSchool 32.6 524 10.8 12.3
Some College 19.4 35 11.8 44
or Graduated
HousingS Friend or 62.3 27.9 6.2 17.7
Family
Own/Rent 29.0 15.5 2.7 11.1
No Home 5.9 239 16.5 70.2
Reported
MedicaidS Yes 23.8 48.4 8.3 3.3
UniqueAgents 4 11.6 2.2 8.6 -
3 27.9 31.9 22.3 2.3
2 60.6 65.9 69.1 97.7
FinalProgPhase  Level 3/4 11.1 15.7 32.3 0.3
Level 1/2 56.5 14.4 22.7 3.1
Level 0 2.9 35.5 7.0 27.0
RewardedBehv Yes 4.0 29.1 2.5 1.5
Sanctions Yes 91.8 99.3 89.8 41.1
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Figure 10: Correlation Matrix of features
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: Our abstract and introduction accurately reflect the paper’s contribution and
scope.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer:[Yes]

Justification: Yes. We discuss the limitations in section 7.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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561 Justification: We have theoretical result in section 3, and we have more detailed proof in
562 Appendix section A.

563 Guidelines:

564 * The answer NA means that the paper does not include theoretical results.

565  All the theorems, formulas, and proofs in the paper should be numbered and cross-
566 referenced.

567 * All assumptions should be clearly stated or referenced in the statement of any theorems.
568 * The proofs can either appear in the main paper or the supplemental material, but if
569 they appear in the supplemental material, the authors are encouraged to provide a short
570 proof sketch to provide intuition.

571 * Inversely, any informal proof provided in the core of the paper should be complemented
572 by formal proofs provided in appendix or supplemental material.

573 * Theorems and Lemmas that the proof relies upon should be properly referenced.

574 4. Experimental Result Reproducibility

575 Question: Does the paper fully disclose all the information needed to reproduce the main ex-
576 perimental results of the paper to the extent that it affects the main claims and/or conclusions
577 of the paper (regardless of whether the code and data are provided or not)?

578 Answer: [Yes]

579 Justification: We provide all information needed to reproduce the main experimental results
580 in section 5. We have provided all implementation detail for reproduction.

581 Guidelines:

582 * The answer NA means that the paper does not include experiments.

583 * If the paper includes experiments, a No answer to this question will not be perceived
584 well by the reviewers: Making the paper reproducible is important, regardless of
585 whether the code and data are provided or not.

586 * If the contribution is a dataset and/or model, the authors should describe the steps taken
587 to make their results reproducible or verifiable.

588 * Depending on the contribution, reproducibility can be accomplished in various ways.
589 For example, if the contribution is a novel architecture, describing the architecture fully
590 might suffice, or if the contribution is a specific model and empirical evaluation, it may
591 be necessary to either make it possible for others to replicate the model with the same
592 dataset, or provide access to the model. In general. releasing code and data is often
593 one good way to accomplish this, but reproducibility can also be provided via detailed
594 instructions for how to replicate the results, access to a hosted model (e.g., in the case
595 of a large language model), releasing of a model checkpoint, or other means that are
596 appropriate to the research performed.

597 * While NeurIPS does not require releasing code, the conference does require all submis-
598 sions to provide some reasonable avenue for reproducibility, which may depend on the
599 nature of the contribution. For example

600 (a) If the contribution is primarily a new algorithm, the paper should make it clear how
601 to reproduce that algorithm.

602 (b) If the contribution is primarily a new model architecture, the paper should describe
603 the architecture clearly and fully.

604 (c) If the contribution is a new model (e.g., a large language model), then there should
605 either be a way to access this model for reproducing the results or a way to reproduce
606 the model (e.g., with an open-source dataset or instructions for how to construct
607 the dataset).

608 (d) We recognize that reproducibility may be tricky in some cases, in which case
609 authors are welcome to describe the particular way they provide for reproducibility.
610 In the case of closed-source models, it may be that access to the model is limited in
611 some way (e.g., to registered users), but it should be possible for other researchers
612 to have some path to reproducing or verifying the results.

613 5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:

Justification: Access to the data and code is restricted under the terms of the non-disclosure
agreement signed with our data-providing partner. The code includes sensitive details perti-
nent to the data, such as specific information embedded within the prompts. Consequently,
we are unable to share the code at this time.

Guidelines:

» The answer NA means that paper does not include experiments requiring code.

¢ Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized

versions (if applicable).

Providing as much information as possible in supplemental material (appended to the

paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We clarify all experiment setting in section 5. We also provide more training
details on Appendix section C.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

 The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We change the random seed during the train/test splitting, and repeat the
experiment 5 times with different seed. The standard deviation of results are within 0.02.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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8.

10.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

¢ For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We have a brief introduction of experiments compute resources in section 5.
We have more detailed information in Appendix section C.

Guidelines:

» The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: We reviewed the NeurIPS Code of Ethics. The research conducted in the paper
conform, in every respect, with the NeurIPS Code of Ethics.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: We discuss the potential societal impacts in the section 1 Introduction, and
section7 Discussion.

Guidelines:
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11.

12.

» The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [Yes]

Justification: We promote human-in-the loop verification and emphasized on domain exper-
tise. Moreover,we are not gonna make the dataset public - the framework is genralizable but
we caution users to be aware of bias and use human-in the loop verification.

Guidelines:

» The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [NA]
Justification: Our paper does not use existing assets.
Guidelines:

* The answer NA means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.
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13.

14.

15.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: Our paper does not release new assets.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: Our paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [Yes]

Justification: We received IRB approval from University of Chicago. The study title is
Data-driven Evaluation of Alternative Sentencing Allocation.

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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