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Scoring systems are sparse linear classification models with small integer coefficients. Starting with
the work of Burgess in 1928, such models have been extensively used for data-driven decision-making in
domains where humans have traditionally made decisions. Scoring systems are currently used for numerous
applications in medicine (e.g. to predict mortality of various medical conditions1 ),criminal justice (e.g. to
assess recidivism risk2 ,and finance (e.g. to assess creditworthiness and support investment decisions3
The widespread deployment of scoring systems is inherently related to the fact that simple linear models
with small integer coefficients are easy for humans to understand, validate, and trust. Sparsity and small
integer coefficients make quick predictions through simple arithmetic, without a computer or a calculator.
These qualities also address key limitations in human cognition, such as limits in our ability to handle
4+ items in working memory [1], and to track associations between 3+ entities [2]. Considering these
limitations, sparsity and small integer coefficients can help users understand how multiple input variables
are used in the prediction. This allows users to easily validate the model, and provides them with the
option to overrule the model in an informed manner when needed.
In spite of extensive deployment over the past century, there has been no standardized approach to build
scoring systems. This is partially due to the fact that models have to satisfy domain specific operational
constraints to be deployed. Such constraints are difficult to address in a systematic manner because they
are related to ill-defined model qualities (e.g. usability, understandability, and alignment with domain
expertise) that vary significantly across applications. As a result, scoring systems are still developed ad
hoc. In some cases, models are built by combining traditional statistical methods with heuristics and
expert judgement. In others, models are hand-crafted by a panel of experts and data is used for validation
purposes only.
New Methods to Build Scoring Systems: In this white paper, we describe two new machine learning
methods to create scoring systems through discrete optimization:
• SLIM (Supersparse Linear Integer Models) to create optimized scoring systems for decision-making [6]
(see Figure 1);
• RiskSLIM (Risk-calibrated Supersparse Linear Integer Models) to create optimized scoring systems for
risk assessment [5, 7] (see Figure 2).
Unlike traditional machine learning methods, SLIM and RiskSLIM aim to solve hard NP-hard optimization problems to optimize and constrain exact measures of performance and form (e.g., the number of
mistakes and variables): SLIM, for instance, requires the solution to an mixed-integer program (MIP),
while RiskSLIM requires the solution to a mixed-integer nonlinear program (MINLP). Solving these problems with off-the-shelf commercial solvers (e.g., CPLEX) only works consistently for small datasets. As
such, a key part of this work involves the development of new techniques that can solve these optimization
problems for the largest possible datasets. Paired with such techniques, SLIM and RiskSLIM can produce
scoring systems that are fully optimized for performance, sparsity, integer coefficients, and other real-world
constraints.
Benefits in Model Development and Decision Making: Since SLIM and RiskSLIM fit scoring
systems using discrete optimization, they can produce simple models that fit on an index card and yet
perform in line with modern ML models. This approach also allows users can easily customized models
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to address a large class of real-world constraints (e.g. to impose fairness among sensitive subgroups, or to
enforce security by preventing certain predictions).
One of the unique benefits of scoring systems is that small integer coefficients allow users to extract
rule-based representation for the model (i.e. by inspecting which conditions are required to ensure that
the score exceeds the threshold). For example, the SLIM model in Figure 1 is equivalent to the boolean
rule:
Predict Arrest if

Age at Release 18 to 24
or Prior Arrests ≥ 5 & Age at Release ≤ 40
or Prior Arrests ≥ 5 & Age at Release ≥ 40 & Misdemeanor

Such a rule allows users to fully understand the interactions between the variables, and validate predictions
each time they are used. This degree of validation differs from other techniques in that it does not require
access to the data, in that it can be done without training, and in that it provides an exact representation
of how the model operates.
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Figure 1: SLIM scoring system to predict whether a prisoner will be arrested within 3 years of release from prison [9].
This model was built by solving a discrete optimization problem, without parameter tuning. It performs at the same level as
state-of-the-art machine learning tools (Test TPR/FPR of 76.6%/44.5%).
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Figure 2: RiskSLIM risk score built to estimate the risk that a prisoner will be arrested within 3 years of release from prison
[5]. This model was built by solving a MINLP, without parameter tuning. It performs at the same level as state-of-the-art
machine learning tools (test AUC/calibration error 0.697%/1.7%).

Applications in Medicine and Criminal Justice: To date, we have used SLIM and RiskSLIM for
several applications in medicine and criminal justice, including: (i) screening for obstructive sleep apnea
[8]; (ii) diagnosing adult ADHD [4], from answers to a short self-reported questionnaire; (iii) detecting
seizures in the ICU from a limited set of cEEG patterns [3]; (iv) building simple recidivism prediction tools
for different kinds of crime [9]. Our work show that these simple models perform just as well as powerful
machine learning models (e.g. random forests, SVMs), but are far easier to use, understand, build, and
customize. To convince stakeholders that proprietary commercial tools, we have paired our work with
open-source software tools (slim-python, slim-matlab, risk-slim) so that practitioners can develop tools
tailored to their specific interest and population.
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