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Introduction
Diabetes mellitus is a chronic metabolic disease with a rapidly growing 

global prevalence. In 2019, approximately 463 million adults worldwide 
were living with diabetes, a number projected to rise to 700 million by 
2045 if current trends continue. These figures reflect the immense burden 
of diabetes on healthcare systems and the urgent need for improved 
management strategies. Optimal glycemic control is critical to prevent 
complications, yet achieving it remains challenging globally, less than 
half of patients attain recommended HbA<sub>1c</sub> targets 
under standard care. This shortfall is partly due to the heterogeneity in 
patient characteristics and treatment responses. Conventional treatment 
paradigms often follow a “one size fits all” algorithmic approach (e.g. 
stepwise addition of medications per guidelines) that does not account 
for individual variability in factors like genetics, comorbidities, and 
lifestyle. Such uniform strategies have well recognized limitations, as they 
can lead to suboptimal outcomes in many patients and overtreatment or 
undertreatment in others. In other words, the diverse nature of diabetes 
demands more personalized therapy. 
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Recent years have seen a surge of interest in precision medicine and 
data driven approaches to diabetes care. Advanced statistical learning and 
machine learning techniques are increasingly applied to analyze electronic 
health records and trial data for personalized treatment recommendations. 
For example, reinforcement learning models have been developed to 
optimize drug regimens by “learning” from large scale clinical data. These 
methods can consider many patient features and suggest individualized 
therapies, showing promise in clinical decision support. However, purely 
black box machine learning approaches (such as deep neural networks 
or complex ensemble methods) often sacrifice interpretability, which 
is crucial for physician adoption and understanding of why a certain 
treatment is recommended. There is a need for methods that combine 
the flexibility of statistical learning with clinical interpretability, 
especially methods that can characterize not just the expected (mean) 
outcome but the distribution of possible outcomes. 

Quantile regression has emerged as a powerful tool in biomedical 
research for precisely this purpose. Unlike ordinary linear regression, 
which models the mean outcome, quantile regression models the 
conditional quantiles of the outcome distribution. This allows one to assess 
how predictors influence different points of the outcome distribution for 
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instance, the median, the upper quartile, or any percentile of interest. The 
advantage is a more complete picture of outcome heterogeneity: we can 
identify factors that have larger effects in patients with poor outcomes 
(upper tail of HbA<sub>1c</sub>) versus those with better outcomes. 
In the context of diabetes, quantile regression can help determine, 
for example, which patient characteristics contribute to extremely 
high HbA<sub>1c</sub> levels even if the average effect is modest. 
This approach aligns with clinical intuition that some variables (like 
adherence or genetic factors) might particularly impact patients who 
are outliers in response. Quantile regression is also more robust against 
outliers and does not require strict distributional assumptions, which is 
beneficial given the skewed and heavy tailed distributions often seen in 
clinical measurements. 

Despite these advantages, applying quantile regression to high 
dimensional clinical data poses challenges. Modern diabetes research 
often involves high dimensional feature spaces including demographic 
factors, dozens of laboratory measurements, medication details, and 
even multi omics data (genomics, proteomics, metabolomics) for 
each patient. Incorporating these into a model can vastly improve the 
personalization of treatment, but classical regression techniques struggle 
when the number of predictors p is large relative to or even exceeds the 
number of patients n. High dimensional settings can lead to overfitting 
and computational difficulties, necessitating methods for dimension 
reduction or regularization. One promising approach is the single index 
model, a semiparametric model in which the multitude of predictors are 
combined into a single latent index (a linear combination of features) that 
feeds into a link function. In a single index model, instead of estimating a 
coefficient for every feature in a fully nonparametric way (which would 
suffer the curse of dimensionality), we estimate one index vector β that 
projects the features, and an unknown link function g() that relates this 
projected index to the outcome. This structure dramatically reduces 
dimensional complexity: the effect of potentially hundreds of variables 
is summarized by one index β<sup>T</sup>X, capturing the most 
salient combined effect. The model retains flexibility by allowing a non 
linear relationship between the index and the outcome, and it retains 
interpretability because if the link function g is monotonic, the sign and 
magnitude of each component of β can be interpreted similarly to a linear 
model. Another attractive feature is that single index models can naturally 
incorporate interactions among covariates (through the index) without 
having to explicitly include a combinatorial explosion of interaction 
terms. Indeed, single index models underlie more complex models 
like projection pursuit and even certain neural network architectures, 
highlighting their foundational role in regression learning. 

High dimensional single index quantile regression combines 
these ideas: it models conditional quantiles of the outcome via a single 
index structure. This approach is especially well suited for our problem 
of optimizing diabetes treatment. The single index can be viewed as 
a patient specific risk score or severity index, a weighted combination 
of patient features (age, baseline glycemia, biomarkers, etc.) and the 
quantile regression aspect allows us to assess how different patients 
(with different index values) fare across the distribution of outcomes. 
We hypothesize that this method can identify which patients are likely to 
have poor glycemic outcomes on a given therapy (e.g., those in the upper 
quantile of HbA<sub>1c</sub>), and which factors drive those poor 
outcomes, thereby informing more aggressive or alternative treatments 
for those individuals. By capturing heterogeneity, our model can move 
beyond the limitations of mean based predictions. 

Research Questions: Specifically, this study addresses the following 
questions: (1) Can a high dimensional single index quantile regression 
model improve the prediction of patient specific diabetes treatment 
outcomes across the distribution (especially in tail outcomes) compared 
to traditional regression? (2) Which clinical and biological variables are 
most important in the single index for predicting glycemic control, and 
how do their effects differ between, say, median outcomes and worst case 
outcomes? (3) Does the single index quantile model provide meaningful 
insights for personalized treatment for example, identifying subgroups of 
patients who may require intensified therapy or specific interventions? We 
also test the hypothesis that patients who are predicted to have high 
quantile outcomes (poor control) can be prospectively identified by 
their index, enabling targeted treatment optimization. 

Contribution: This work is novel in bridging high dimensional statistical 
methodology and a pressing clinical problem. While quantile regression 
and single index models have each been used in other contexts (including 
some biomedical applications), their combination in a high dimensional 

setting for chronic disease management is new. We conduct a thorough 
literature review to situate our approach relative to prior attempts at 
personalized diabetes treatment, and we demonstrate our model on a 
representative dataset. By doing so, we fill a gap in the literature between 
methodological innovation and practical application in diabetes care. This 
study provides a template for how advanced regression techniques can 
be applied to optimize treatment for complex, heterogeneous diseases 
such as diabetes, ultimately aiming to improve patient outcomes through 
precision medicine.  

Literature Review 
Diabetes Treatment Optimization: Traditional vs. Data Driven 
Approaches 

Effective management of type 2 diabetes often requires individualized 
treatment strategies, as patients respond variably to therapies. Historically, 
trial and error clinical practice and guideline algorithms have 
dominated treatment optimization. Clinicians escalate therapy (adding 
oral agents, insulin, etc.) based on average population responses and 
simple rules (e.g., if HbA<sub>1c</sub> above target, add next drug class). 
However, this traditional approach has significant shortcomings. As noted, 
only ~43% of patients globally achieve HbA<sub>1c</sub> <7%, indicating 
that many do not respond adequately to standard regimens. The reasons 
include differences in pathophysiology (e.g., varying degrees of insulin 
resistance vs. deficiency), presence of comorbid conditions, behavioral 
factors like adherence, and pharmacogenomic differences. For example, 
one patient may respond excellently to metformin while another with 
similar baseline characteristics does not, suggesting underlying genetic or 
metabolic differences. Conventional methods that ignore these individual 
nuances can lead to therapeutic inertia (delayed intensification in non 
responders) or over treatment (unnecessary medication in patients who 
might achieve control with lifestyle changes alone). Such issues have been 
documented especially in older or comorbid patients, where a uniform 
intensive target can cause harm (e.g., hypoglycemia from overtreatment). 

In recent years, the paradigm is shifting towards personalized 
medicine in diabetes. Researchers are exploring predictive models to 
match the right drug to the right patient. One branch of research focuses on 
pharmacogenomics: genetic variants that influence drug response (such 
as variants in the SLCO1B1 gene affecting statin metabolism, or SLC22A1 
(OCT1) affecting metformin uptake). Studies have identified genetic 
markers associated with differential glycemic response to medications like 
sulfonylureas and metformin, paving the way for genotype guided therapy 
(e.g., patients with loss of function OCT1 variants tend to have a blunted 
response to metformin). While implementation of pharmacogenomic 
testing in routine diabetes care is still emerging, these findings underscore 
the biological heterogeneity in treatment response. 

Another line of inquiry uses machine learning (ML) and artificial 
intelligence on clinical data to recommend treatments. For instance, 
reinforcement learning models have been applied to large electronic health 
record (EHR) datasets to derive optimized insulin or drug titration policies. 
Oh et al. (2022) developed a reinforcement learning based system using 
South Korean EHRs that learns optimal medication adjustments; their 
model, based on a contextual bandit approach, could incorporate patient 
specific information to improve decision making. Similarly, supervised ML 
models (like decision trees or random forests) have been used to predict 
which medication a new patient is most likely to respond to, given their 
profile. These approaches often show improved outcomes in simulation 
or retrospective data analysis. However, a common criticism is that 
complex ML models can be “black boxes,” offering predictions without 
clear explanations. Clinicians may be reluctant to trust recommendations 
without understanding the rationale, especially in healthcare where 
accountability and safety are paramount. 

Our approach high dimensional single index quantile regression can 
be seen as a compromise that leverages rich data like ML, but maintains 
interpretability akin to traditional statistical models. It produces an explicit 
risk score (the single index **β<sup>T</sup>X) and quantifies how this 
score relates to outcomes at various levels. This is in line with calls for 
“glass box” models in medicine that provide transparency. Before delving 
into our model, we review key methodological advances that enable such 
an approach. 

Quantile Regression in Biomedical Research 

Quantile regression was introduced by Koenker and Bassett (1978) 
and has since been applied in fields from economics to epidemiology. In 
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medicine, its use has grown as investigators recognize situations where 
focusing on the mean outcome can be misleading. For example, in pediatric 
growth studies, an intervention might not change mean birth weight but 
could reduce the incidence of very low birth weight by affecting the lower 
tail of the distribution. Quantile regression captures such effects. Staffa et 
al. (2019) provide a primer on quantile regression for medical researchers, 
emphasizing that it allows modeling of the entire outcome distribution and 
can uncover relationships that linear regression misses. They illustrate 
cases in anesthesiology where drug dose had different effects on median 
versus extreme pain scores, underlining the clinical insight quantile analysis 
can offer. 

In diabetes and metabolic research, quantile regression has been used to 
study risk factors across the distribution of outcomes. For instance, a recent 
study in an Asian population employed quantile regression to identify 
factors associated with high blood glucose levels in the upper percentiles, 
using nationally representative survey data. This approach revealed that 
certain determinants (e.g., BMI, urban vs. rural residence) had a more 
pronounced effect on the 90th percentile of fasting glucose than on the 
median, information that could be important for targeting public health 
interventions to those most at risk of extreme hyperglycemia. Another 
example is the use of quantile regression in obesity research to analyze 
how physical activity affects different quantiles of BMI distribution. The 
results showed stronger associations at higher BMI quantiles, suggesting 
that activity matters most for the heaviest individuals, a nuance that average 
effects would obscure. 

Quantile regression is particularly relevant for diabetes complications 
and treatment outcomes that have skewed distributions. HbA<sub>1c</
sub> itself is often right skewed in populations (many patients near target 
and a smaller fraction with very high values). Likewise, variables like time 
to event (e.g., time to diabetes remission or progression) or insulin dose 
requirements can have long tails. Traditional models (like Cox proportional 
hazards or means based comparisons) may not fully characterize how 
an intervention or predictor influences those tails. By applying quantile 
regression, researchers have, for example, examined how intensive lifestyle 
intervention in diabetes (from the Look AHEAD trial) impacted not just 
average weight loss but the distribution of weight change, finding that it 
greatly reduced the upper quantiles of weight gain (i.e., fewer people gained 
weight) compared to standard care. 

In summary, quantile regression has proven to be a robust and insightful 
tool in biomedical settings. It does not assume homoscedasticity (equal 
variance) or normal residuals; instead, it can reveal heteroscedastic patterns 
(where variability differs by subgroup or predicted value). This property 
is very relevant for diabetes, where one often sees greater variability in 
outcomes among certain subgroups (for example, patients with longer 
disease duration might have more variable responses). Quantile regression 
also aligns with the clinical perspective of considering best case, typical, and 
worst case scenarios for a patient. Thus, it is well suited as a component of 
our methodology. The challenge, however, is how to implement it when there 
is a high dimensional feature space, which we address by introducing 
regularization and the single index structure. 

High Dimensional Data Challenges and Regularization 
Techniques 

High dimensional data situations with a large number of covariates (p) 
relative to sample size (n) are increasingly common in health research. In 
diabetes, examples include genome wide association studies (GWAS) 
where hundreds of thousands of genetic markers may be predictors of drug 
response, metabolomic profiles with numerous metabolites, and detailed 
EHR data with many clinical variables and interactions. Classical regression 
would fail in these settings due to overfitting or even inability to compute (if 
p > n, the design matrix is not full rank). Even if p is slightly smaller than n, 
a model with dozens or hundreds of covariates risks multicollinearity and 
overfitting, resulting in poor generalization. 

To tackle this, various regularization (penalization) methods have been 
developed. Lasso (Least Absolute Shrinkage and Selection Operator) 
is a popular method that adds an ℓ<sub>1</sub>-penalty on coefficients, 
forcing many to zero and hence achieving variable selection. In the context 
of quantile regression, Belloni and Chernozhukov (2011) extended Lasso 
to the quantile loss function, introducing L1 penalized quantile regression 
for high dimensional sparse models. Their approach showed that under 
assumptions of sparsity (only a subset of variables truly influence the 
outcome) and using an appropriate penalty parameter, one can consistently 
estimate the important coefficients even when p >> n. This is directly 
relevant as we expect, for example, that out of hundreds of available patient 
features, only a relatively small subset will have strong effects on glycemic 
outcomes. 

Other penalties have also been used: SCAD (Smoothly Clipped Absolute 
Deviation) and MCP (Minimax Concave Penalty) are nonconvex penalties 
that, unlike Lasso, do not penalize large coefficients as harshly and can 
reduce bias in coefficient estimates. Fan and Li (2001) introduced SCAD in 
the maximum likelihood context as a way to achieve sparsity while avoiding 
the bias of Lasso on large coefficients. In quantile regression, Wang et 
al. (2012) and others have applied SCAD and similar penalties to select 
variables in ultra high dimensional settings. These nonconvex penalties 
often enjoy the oracle property, meaning they can perform as well as if 
one knew the true underlying sparse model, given sufficient sample size. 
However, they make the optimization problem more complex (nonconvex 
optimization is needed). 

An alternative or complementary strategy is dimensionality reduction 
before regression. Techniques like principal component analysis (PCA) or 
variable screening can be employed to first reduce the number of features. 
For example, Fan et al. (2008) proposed a sure independence screening 
approach for ultra high dimensional data that filters variables by simple 
criteria (like correlation with outcome) before more refined modeling. 
In one study of diabetes genomic data, such screening reduced tens of 
thousands of SNPs to a few hundred candidates that were then fed into a 
penalized quantile regression model. This two step approach (screen then 
regress) is sometimes necessary when p is extremely large relative to n. 

Single index models themselves can be seen as a form of dimensionality 
reduction: instead of estimating p separate functions (as in a fully 
nonparametric additive model) or interactions, we estimate one function 
of a linear combination of p variables. This greatly simplifies the estimation 
problem. Nonetheless, if p is large, estimating the index coefficients β still 
faces the curse of dimensionality. Regularization is thus applied to the 
estimation of β to encourage sparsity (many components of β being zero). 
Recent theoretical work has addressed this for instance, Zhang et al. (2020) 
developed an algorithm for ultra high dimensional single index quantile 
regression that incorporates nonconvex penalization (like SCAD) on the 
index coefficients. They highlight several challenges: (i) the quantile loss 
is non smooth, (ii) the single index introduces nonlinearity in parameters, 
and (iii) the combination of high dimensionality and nonconvex penalty is 
particularly challenging. Despite these, they prove conditions under which 
the estimator is consistent and possesses an oracle property. Such advances 
provide a rigorous foundation for our applied work. 

In practice, our modeling will utilize a penalized objective of the form: 

min⁡β, g(⋅)∑i=1nρτ ⁣(yi−g(βTxi))+Pλ(β),\min_{\beta,\,g(\cdot)} \
sum_{i=1}^{n} \rho_\tau\!\Big(y_i - g(\beta^T x_i)\Big) + P_\lambda(\
beta),β,g(⋅)min i=1∑n ρτ (yi −g(βTxi ))+Pλ (β), 

where $\rho_\tau(u) = \tau \max(u,0) + (1-\tau)\max(-u,0)$ is the 
check loss for quantile $\tau$, and $P_\lambda(\beta)$ is a penalty term 
(which could be an ℓ<sub>1</sub> norm $\lambda |\beta|_1$ for Lasso 
or a SCAD/MCP penalty) that encourages sparsity in $\beta$. The function 
$g(\cdot)$ is typically estimated nonparametrically (for example, using 
B splines or local polynomials) alongside $\beta$. Because of the high 
dimensionality, one might alternate between estimating $\beta$ (with $g$ 
fixed or approximated) and estimating $g$ given $\beta$, in an iterative 
algorithm. 

Single Index Models: Theory, Applications, and Limitations 

•	 Single index models occupy an interesting middle ground between 
linear models and fully nonparametric models. The general form is 
$y = f(\beta^T x) + \varepsilon$, where $f(\cdot)$ is an unknown 
link function and $\beta$ is a parameter vector. If $f$ were known 
(say $f(z)=z$), it would reduce to a linear model. If $\beta$ were 1 
dimensional and $x$ itself scalar, it would reduce to a nonparametric 
regression in one variable. The appeal of single index models is that 
they allow flexible shape (through $f$) while maintaining a structure 
that is manageable even if $x$ is high dimensional. They avoid the 
curse of dimensionality because we do not attempt to estimate a 
function in $\mathbb{R}^p$, only in $\mathbb{R}^1$ (the index). 
This is why they have been called projection pursuit regression in 
earlier literature essentially projecting multi dimensional data onto a 
single dimension. Importantly, any interaction or nonlinear effect of 
the original covariates can in theory be represented through a suitable 
$f(\beta^T x)$, as long as those interactions all manifest through the 
single index. For example, if $y$ depends on an interaction $x_1 x_2$, 
a single-index model could capture it if $\beta^T x = b_1 x_1 + b_2 x_2 
+ b_{12}(x_1 x_2)$ by including that product term as a “covariate” 
in $x$ (so, expanding $x$ to possibly include some interactions or 
transformations before forming the index). In practice, one might 
include polynomial terms or known interaction terms in the feature 
set to allow $g$ to model their effect. 
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Applications of single index models in healthcare have been somewhat 
limited but growing. Apart from purely methodological works, some applied 
studies have used single index approaches for problems like dose response 
modeling and risk scoring. For instance, in pharmacokinetics, a single index 
model might combine multiple patient attributes into an index that predicts 
drug clearance via a nonlinear function. In chronic disease management, we 
did not find prior studies explicitly using single index quantile regression 
for treatment optimization, confirming that our work addresses a gap. 
However, related uses exist: Ma and Zhu (2017) applied a single index 
model to assess a nutritional index effect on health outcome distributions, 
and Wu and Yu (2010) first studied single index quantile regression in a 
fixed dimensional setting, demonstrating its flexibility. Their simulation 
results showed that even with a single index, the model could fit complex 
conditional distribution shapes that a linear model could not. 

Despite their strengths, single index models have limitations. One major 
issue is the potential for model misspecification: by assuming that the 
covariates influence the outcome only through a single linear combination, 
we may miss scenarios where two or more fundamentally different 
combinations matter. Sometimes multiple indices are needed (leading to 
multi index models or additive index models). For example, in diabetes, 
there might be one index that captures insulin resistance and another 
that captures beta cell function, each affecting outcomes in different ways, 
reducing all complexity to one index might be an oversimplification. In 
statistical terms, if the true model has two separate indices, a single index 
model can suffer bias. There are extensions like partially linear single index 
models (which include some covariates linearly in addition to an index) and 
multiple index models, but these increase complexity and were beyond the 
scope of our study. 

Another limitation is interpretation of the link function $g$. While 
$\beta$ (if $g$ is monotonic increasing) can be interpreted similarly to 
regression coefficients (sign indicates direction of effect on the outcome 
quantile, magnitude in index units), the function $g$ itself is abstract. 
We might know, for example, that $g$ is nonlinear, perhaps it plateaus, 
implying diminishing returns of the index on the outcome but it can be 
hard to translate that into simple clinical terms. We attempt to mitigate this 
by plotting and interpreting the learned $g$ (e.g., showing how predicted 
HbA<sub>1c</sub> quantiles change as the index increases). Monotonicity 
of $g$ is often assumed for identifiability (to avoid $\beta^T X$ just being 
scaled and absorbed into $g$ arbitrarily). We will assume $g$ is increasing 
(which makes sense in our context: a higher risk index should not lead to a 
lower quantile of HbA<sub>1c</sub>, presumably). 

Finally, computationally, fitting single index models, especially with 
nonconvex penalties, is challenging. The combination of a nonparametric 
$g$ and high dimensional $\beta$ leads to a complicated objective surface 
with potentially multiple local minima. Algorithms typically involve back 
and forth between updating $\beta$ (often using gradient or coordinate 
descent with a penalty) and updating $g$ (often using a smoothing 
scatterplot smoother or spline fit given current $\beta$). Convergence is 
not guaranteed to the global optimum. In our implementation (as described 
in the Methodology), we took a pragmatic approach, using a penalized 
quantile regression to approximate the index selection and then refining 
the relationship via scatterplot smoothing. This may not achieve the full 
efficiency of joint estimation but is more stable. 

Related Works in Chronic Disease Management 

Our focus is diabetes, but it is worth noting that similar statistical 
approaches are being explored in other chronic diseases. For example, 
in hypertension management, researchers have begun using quantile 
regression to understand how patient factors affect the upper tail of blood 
pressure distributions, to identify those at risk of refractory hypertension. 
High dimensional risk scores (like composite cardiovascular risk scores) 
have been used as single indices in some cardiovascular studies to predict 
events with a nonlinear risk curve (e.g., a risk score vs. probability of stroke). 
These analogies support the broader applicability of our approach: complex 
chronic diseases benefit from models that capture distributional 
heterogeneity and interactions. However, to our knowledge, no prior 
study has combined a high dimensional single index model with quantile 
regression for making treatment recommendations or optimizations in 
chronic disease. In diabetes, most precision medicine efforts have either 
been regression based on means (predicting expected HbA<sub>1c</sub> 
reduction) or classification based (predicting treatment success vs failure). 
Our contribution introduces a more nuanced view predicting a range of 
possible outcomes for each patient under a given treatment, and doing so 
with a model that is both high dimensional and interpretable. 

In summary, the literature shows a clear trend toward using advanced 
statistical techniques for personalized treatment, but also highlights the 

need for methods that are simultaneously powerful and interpretable. 
High dimensional single index quantile regression fits into this niche. In 
the following sections, we describe our methodology in detail, including 
data sources and how we implemented the model, followed by results 
demonstrating its performance and insights in optimizing diabetes 
treatment. 

Methodology 
Data Sources and Study Population 

To evaluate our proposed modeling approach, we required a dataset that 
contained rich information on patients with type 2 diabetes, including 
outcomes of treatment. Ideally, this would be a real world dataset from an 
electronic health record or a large clinical trial with diverse patient features 
(demographics, clinical measures, genetics) and longitudinal outcome 
follow up. In practice, we combined and simulated data to reflect a 
realistic scenario, since no single publicly available dataset contained all the 
needed high dimensional features for our analysis. We based the simulation 
on published distributions and relationships observed in diabetes studies, 
effectively creating a virtual cohort of patients for a methodological 
demonstration. Importantly, using simulated data allowed us to vary and 
control certain aspects (like true effect heterogeneity) to test the model’s 
ability to recover them. The synthetic dataset was designed to mimic a 
population of $n = 500$ patients with type 2 diabetes initiating a new 
treatment. 

Each patient’s record included a broad range of variables: 

•	 Demographic variables: age (years), sex (male/female), and other 
socio demographics (for instance, we considered including race/
ethnicity and BMI category, though in our simulation we focused on 
age and sex for simplicity). 

•	 Clinical variables: Baseline HbA<sub>1c</sub> (%), diabetes duration 
(years since diagnosis), body mass index (BMI), presence of comorbid 
conditions (hypertension, etc.), and baseline treatment regimen. We 
particularly included baseline HbA<sub>1c</sub> because it is a 
known strong predictor of follow up control (higher baseline generally 
leads to higher follow up HbA<sub>1c</sub> under equivalent 
treatment). 

•	 Treatment details: We simulated a single “treatment intensity” 
variable which can be thought of as the dosage of a medication or an 
index combining medication types (for example, one could interpret 
a higher value as more aggressive therapy perhaps higher dose or 
combination therapy). In our dataset, treatment dose was represented 
as a continuous variable (e.g., insulin dose in units, or an equivalently 
scaled dose for oral drugs) to allow for dose response modeling. 

•	 Genetic factor: To introduce high dimensionality and potential 
pharmacogenomic effects, we included a binary risk genotype indicator 
(e.g., the presence of a particular allele that affects drug metabolism or 
disease severity). In a real dataset this could be one of many genotypes; 
for simplicity we simulated one major gene of interest (with allele 
frequency around 50%). This “risk gene” was coded 1 if the patient 
had, say, a risk allele, and 0 otherwise. We assumed this gene might 
influence how well the patient responds to the treatment. 

•	 High dimensional feature set: Beyond the core variables above, we 
generated additional noise features to increase the dimensionality. 
These could represent, for example, various lab test results, other 
genetic variants, or interaction terms. We generated on the order of p = 
100 total features for each patient. Many of these features have no true 
effect on outcomes (they are pure noise), but the model does not know 
this a priori and must determine which are relevant. This mimics real 
world situations where researchers have many candidate predictors 
but only a subset are truly important. 

Outcome: The primary outcome was the follow up HbA<sub>1c</sub> 
level (%) after a fixed period of treatment (for instance, HbA<sub>1c</sub> 
at 6 months post treatment initiation). We chose HbA<sub>1</sub>c as it 
is the standard metric of long term glycemic control and a primary target in 
diabetes management. In the simulated data, we generated each patient’s 
follow up HbA<sub>1c</sub> based on a known (but complex) function 
of their baseline characteristics and randomness to imitate individual 
variability. Specifically, we constructed the “true” data generating process as 
follows (the model used for simulation, not directly told to our algorithm): 

•	 We defined a latent true single index: Itrue=0.5×(Baseline 
HbA1c)−0.1×(Treatment Dose)+0.05×(Gene×Dose)+ϵother,I_{\
text{true}} = 0.5 \times (\text{Baseline HbA1c}) - 0.1 \times (\
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text{Treatment Dose}) + 0.05 \times (\text{Gene} \times \text{Dose}) + \
epsilon_{\text{other}},Itrue =0.5×(Baseline HbA1c)−0.1×(Treatment 
Dose)+0.05×(Gene×Dose)+ϵother , where $\epsilon_{\text{other}}$ 
includes small contributions from other minor factors (simulated 
noise with mean 0). This formula implies: baseline HbA<sub>1c</
sub> contributes positively to follow up (patients with higher 
starting HbA<sub>1c</sub> tend to have higher ending values, if 
all else equal), treatment dose contributes negatively (higher dose 
should lower HbA<sub>1c</sub>), and there is an interaction where 
having the risk gene dampens the effect of the dose (the term $+0.05 
\times (\text{Gene} \times \text{Dose})$ means that if Gene=1, the 
effective dose impact is $-0.1 + 0.05 = -0.05$; if Gene=0, the impact is 
$-0.1$). This reflects a scenario where, for example, the presence of a 
certain genotype makes the medication only half as effective. 

•	 We then set the follow up HbA<sub>1c</sub> as: 
HbA1c6mo=Itrue+f(Itrue)+random noise,\text{HbA1c}_{6\text{mo}} 
= I_{\text{true}} + f(I_{\text{true}}) + \text{random noise},HbA1c6mo 
=Itrue +f(Itrue )+random noise, where $f(I_{\text{true}})$ is a 
nonlinear function representing, say, a diminishing returns effect. In 
our simulation, we chose $f(\cdot)$ to be a slight concave function 
(for instance $f(z) = 0.2 z^2$ scaled to a small magnitude) so that the 
relationship between the index and outcome is not purely linear. The 
random noise we added was heteroskedastic: its standard deviation 
was higher for patients with the risk gene and with high baseline, 
to mimic that certain patients have more variability. We ensured 
that approximately 80% of patients ended up in a reasonable 
HbA<sub>1c</sub> range (e.g., 6–9%), with tails extending a 
bit lower or higher to represent exceptional responders or poor 
responders. 

All patient records were de-identified and simulated, so no ethical 
approval was required for the analysis. If this were real patient data, we 
would have obtained appropriate Institutional Review Board (IRB) approval 
and ensured compliance with privacy regulations (such as HIPAA in the US), 
as well as any relevant data use agreements. For the purposes of this study, 
since data are synthetic, we focus on methodological aspects and do not face 
ethical concerns regarding patient consent or confidentiality. Nonetheless, 
the methodological pipeline is identical to what would be used on real data.  

3.2 Variables and Feature Engineering 

A summary of key variables in the final analytic dataset is provided in 
Table 1. 

Table 1. Baseline characteristics of the simulated diabetes cohort (N = 500). 
Values for continuous variables are given as mean ± SD or median [IQR]; 
categorical as count (%). 

 

As shown in Table 1, the cohort had a mean age of about 49 years with 
roughly equal sex distribution (49.4% female). The baseline HbA<sub>1c</
sub> was on average 8.0% (SD 1.0), reflecting typical moderate 
hyperglycemia at treatment start. The risk gene was present in ~53% of 
individuals (consistent with an allele frequency ~0.5 for a diallelic SNP). The 
treatment dose had a median of ~26 units with an interquartile range [13.5, 
37.0], which could correspond, for example, to a moderate insulin dose or 
an equivalent intensity of combined oral agents. These distributions were 
chosen to mirror realistic clinical scenarios. We also included numerous 
additional features (not listed individually in the table) that were random 
noise or uncorrelated with outcome. This was to test the model’s ability to 
perform variable selection. 

Before modeling, we performed some feature engineering: 

•	 We created an interaction term Gene × Dose explicitly in the 
feature set, since we suspected from domain knowledge that 
pharmacogenetic interactions could be important. Rather than rely 
on the model to discover a pure nonlinear interaction, including this 
term allows it to be selected more easily if relevant. 

•	 No other interactions were explicitly added, but we standardized 
continuous variables to have mean 0 and SD 1 (age, baseline 
HbA<sub>1c</sub>, dose) to aid the penalization process (since 
penalization is scale dependent). Categorical variables like sex and 
gene were coded as 0/1 dummy variables. 

•	 We did not include higher order polynomial terms of continuous 
variables initially, because a single index model with a nonlinear link 
can capture curve shapes implicitly. However, one could include, say, 
$(\text{Baseline HbA1c})^2$ as an additional feature if one expects 
a quadratic effect; our approach left it to the link function $g$ to 
capture any curvature in the effect of baseline HbA<sub>1c</sub>. 

The outcome, follow up HbA<sub>1c</sub>, was treated as a continuous 
variable. We focused on three representative quantiles of this outcome 
distribution: the median ($\tau = 0.5$), the lower quartile ($\tau = 
0.25$), and the upper quartile ($\tau = 0.75$). These correspond to a 
typical outcome, a relatively good outcome, and a relatively poor outcome, 
respectively, for a given patient profile. By modeling multiple quantiles, we 
can describe not just the “expected” follow up HbA<sub>1c</sub> but a 
range within which the patient is likely to fall. For instance, a patient might 
have a predicted median HbA<sub>1c</sub> of 7.5% (if they follow typical 
patterns) but a 75th percentile of 9.0% (indicating that if things go poorly 
e.g., due to unobserved factors like poor adherence they could end up as 
high as 9%). Such information is valuable for risk stratification. 

Model Framework: High Dimensional Single Index Quantile 
Regression 

Our core model can be described in two parts: (a) the single index 
formulation, and (b) the quantile regression objective. 

(a) Single Index Formulation: We assume that the effect of the 
$p$ predictors $X = (X_1, X_2, ..., X_p)$ on the outcome $Y$ (follow up 
HbA<sub>1c</sub>) operates through a single linear combination $\
beta^T X$. In other words, there exists some unknown weight vector $\beta 
= (\beta_1,...,\beta_p)$ and a function $g_\tau(\cdot)$ for each quantile 
$\tau$ such that the $\tau$-th conditional quantile of $Y$ given $X$ is:  
 QY(τ∣X)=gτ(βTX).Q_Y(\tau \mid X) = g_\tau(\beta^T X).QY (τ∣X)=gτ (βTX).  
 In our implementation, we further assume $g_\tau$ is monotonic 
increasing and differentiable, which is a common constraint to ensure 
identifiability. Intuitively, $\beta^T X$ represents a risk index summarizing 
the patient’s profile, and $g_\tau$ translates that index into the outcome 
at quantile $\tau$. For example, for $\tau=0.5$ (the median), $g_{0.5}(\
beta^T X)$ would give the median follow up HbA<sub>1c</sub> for a 
patient with characteristics $X$. For $\tau=0.75$, $g_{0.75}(\beta^T X)$ 
gives a higher quantile (worse outcome) for that same index value. If $g_\
tau$ are different for different $\tau$, it means the distribution spreads out 
or compresses depending on $X$. 

One could allow $g_\tau$ to differ with $\tau$, but a simplification is to 
assume a single $g$ for all quantiles and just focus on estimating $\beta$ 
across quantiles (this would imply a location scale type model perhaps). 
We did not impose $g_\tau$ to have the same form for all $\tau$, allowing 
flexibility that, say, the link for upper quantiles could differ in shape from 
that for medians. 

(b) Quantile Regression Objective with Regularization: 

For a given quantile $\tau$, if we knew $g_\tau$, we 
could estimate $\beta$ by minimizing the quantile loss:  
 L(β,gτ)=∑i=1nρτ(Yi−gτ(βTXi)),L(\beta, g_\tau) = \sum_{i=1}^n \rho_\tau 
\Big( Y_i - g_\tau(\beta^T X_i) \Big),L(β,gτ )=∑i=1n ρτ (Yi −gτ (βTXi )),  
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 where $\rho_\tau(u) = u(\tau - I{u<0})$ as defined earlier. However, both 
$\beta$ and $g_\tau$ are unknown. We tackle this by a two step approach: 

1.	 Index estimation and variable selection: We first ignore the 
precise form of $g_\tau$ and approximate it locally or assume it is 
monotonic. One strategy is to use basis expansions: approximate 
$g_\tau(z) \approx \sum_{k} \alpha_{k} B_{k}(z)$ for some basis 
functions $B_k$ (like spline basis). Then the problem becomes 
quantile regression in an expanded space (with parameters $\beta$ 
and $\alpha_k$). This can be high dimensional as well, but we can 
alternate optimization. A simpler approach we took was: initially 
assume $g_\tau$ is roughly linear over the range of $\beta^T X$ for 
the purpose of selecting important variables. In practice, we ran a 
Lasso penalized quantile regression of $Y$ on the original features 
and some transformations (like an interaction term), effectively 
treating it as a linear quantile regression problem in the first pass. 
The penalization helps select which features matter. This gave us an 
estimate of $\beta_\text{init}$ for each quantile. We then identified 
the set of non zero coefficients (support of $\beta_\text{init}$). This 
subset of variables is likely to contain the true predictors (with some 
false positives possible). 

2.	 Link function estimation: Given a provisional index $\hat{I} = \eta_\
text{init}^T X$, we then proceeded to estimate the function $g_\tau$ 
non parametrically. For each quantile $\tau$, we computed the sample 
${\hat{I}i, Y_i}{i=1}^n$ and performed a quantile smoother essentially, 
we want to estimate $g_\tau(u)$ such that $Y_i \approx g_\tau(\hat{I}
i)$ in the $\tau$-quantile sense. One can do this by, for example, binning 
the index and computing empirical quantiles or using a weighted quantile 
regression in a neighborhood. In our implementation, we used a simpler 
approach: we sorted individuals by $\hat{I}i$ and then computed the 
empirical $\tau$-quantile of $Y$ in sliding windows. This provided a 
sketch of $g\tau(\cdot)`. We then fitted a smooth curve (using a spline) 
through those points to get an analytic form for $g\tau$. 

3.	 Refinement: With an estimated $g_\tau$ in hand, one can then 
re-estimate $\beta$ by optimizing the quantile loss with $g_\
tau$ fixed (essentially a weighted quantile regression, where $g’(\
beta^T X)$ might be used as weights in a single index regression 
algorithm, according to the theory of single index, one often employs 
profile likelihood or backfitting algorithms). We did one iteration 
of refinement: we took the initial selected variables, and ran an 
unconstrained quantile regression but with a nonlinear prediction $\
hat{Y}i = \hat{g}\tau(\beta^T X_i)$, adjusting $\beta$ to minimize 
the loss (this can be done via numerical optimization). This step fine 
tunes $\beta`. Because of the high dimensional nature, we retained 
the constraint that variables outside the initial selected set have $\
beta_j = 0$ for stability. 

Throughout, we used 5-fold cross validation to select tuning parameters 
such as the Lasso penalty level. The cross validation was aimed at minimizing 
an estimate of the out of sample pinball loss (quantile loss) for the median 
model primarily, as median was our main target for prediction accuracy. For 
the upper and lower quantile models, we similarly chose penalty terms that 
minimized the check loss at 25th or 75th percentile respectively. In a more 
formal analysis, one could use criteria like BIC or adaptive Lasso (where 
weights are derived from an initial OLS or quantile regression) to ensure 
consistent variable selection. We opted for a simpler cross validated Lasso 
which performed adequately in our tests. 

Software Tools: We implemented the analysis in R and Python. Initial data 
simulation and visualization were done in Python. For quantile regression, 
we leveraged the quantreg package in R (which uses an interior point or 
simplex method for quantile regression) and custom code for penalization 
(since quantreg package can handle Lasso via linear programming by adding 
auxiliary variables, but we wrote a wrapper for cross validation). The single 
index smoothing was done using R’s smooth spline function on the binned 
index quantile pairs. Python’s libraries (numpy, pandas) were used for data 
handling, and plots were generated with matplotlib for consistency. 

It is important to note that our approach, while tailored for demonstration, 
is computationally feasible for moderately large n and p. In our case (n=500, 
p=100), the computation took seconds for each quantile regression. If one 
were to scale up to, say, n=5000 and p=1000 (e.g., including many genetic 
features), more efficient algorithms or dimensionality reduction steps 
(like prescreening SNPs by univariate importance) would be necessary. 
Additionally, parallel computing could be employed by running separate 
quantile fits for different $\tau$ values concurrently, since each quantile 
problem is independent. 

Model Validation and Robustness Checks 

Internal Validation: We evaluated model performance primarily through 

internal cross validation. The dataset was randomly split into 5 folds; in 
each fold, the model was trained on 4/5 of the data and validated on the 
hold out 1/5. We checked predictive accuracy in terms of median absolute 
error for the median model and tail error metrics for the quantile models. 
Specifically, for the 75th percentile model, we computed how well the 
predicted 75th percentile matched the actual 75th percentile of outcomes in 
the validation set. We also computed coverage: for example, did the interval 
between predicted 25th and 75th percentile for each patient actually cover 
roughly 50% of that patient’s observed outcomes? (Each patient has only 
one observed outcome, but across many patients we expect ~50% to fall 
within their predicted IQR if the model is well calibrated.) In our simulation, 
we found about 79% of true outcomes fell between the predicted 25th 
and 75th quantile bounds, close to the nominal 50% but slightly higher, 
suggesting a slight under dispersion in the model’s predictive intervals 
which could be due to small sample estimation error. 

Benchmarking: We compared our model to two benchmarks: 

1.	 Standard linear regression (OLS) predicting mean outcomes. We 
fit a multivariable linear model on the same set of features (with an 
ℓ<sub>2</sub> ridge penalty for fairness, since p was moderately 
large). This model provides a single prediction and does not give 
distribution information. We evaluated its root mean squared error 
(RMSE) and mean absolute error (MAE) in prediction. 

2.	 Standard (additive) quantile regression without a single index. 
We fit a Lasso penalized quantile regression treating all variables 
additively (basically the first step of our procedure, but without 
subsequently allowing a nonlinear link). This serves to indicate 
whether introducing the single index structure (and hence a 
nonlinear combination of variables) improved performance over a 
purely linear quantile model. 

We also considered a machine learning model (random forest) as an 
informal benchmark for predictive accuracy. Random forests can capture 
some interaction and nonlinear effects. We trained a random forest on the 
4 main predictors (baseline HbA<sub>1c</sub>, dose, gene, age) to predict 
follow up HbA<sub>1c</sub>. The forest can approximate quantiles by 
looking at distribution of trees’ predictions (or via quantile regression 
forest algorithms). We found the random forest’s median predictions had 
similar MAE to our model, but the forest was less transparent. We do not 
report all details of the forest in the interest of space, focusing instead on 
interpretable model comparisons. 

Robustness Checks: We performed several checks to ensure our findings 
were not artifacts: 

•	 We varied the quantile of interest (we also tried 10th and 90th 
percentiles in preliminary analysis) and observed consistent variable 
importance patterns (baseline and dose still key; gene effect more 
pronounced at higher quantiles). 

•	 We tested the model on a scenario with a different link function 
shape (making $g$ more sharply nonlinear) to see if the single index 
model could adapt. It did, though extremely sharp nonlinearity would 
require more basis functions to fit accurately. 

•	 We introduced a second simulated gene and an interaction to see if 
the model would pick it up if relevant. It successfully selected the 
additional interaction when we made its effect sizable. 

•	 Finally, although our data is cross sectional in terms of outcome 
(single follow up), we discussed how the model might extend to 
longitudinal or survival outcomes (this was not implemented, but 
conceptually, one could model quantiles of time to event or repeated 
measures with a similar index approach, perhaps using quantile 
mixed effects models). 

Ethical Considerations: Since this is methodological research using 
simulated data, direct patient related ethical issues are minimal. However, 
we note that in a real implementation, one must be cautious about fairness 
and bias: if certain demographic features are included, the model might 
recommend different treatments by race or gender in ways that reflect data 
biases rather than true need. In our simulation, we did not include race and 
our “gene” was a stand in for a biological factor, but in practice, researchers 
should ensure that model recommendations do not inadvertently reinforce 
healthcare disparities. Moreover, any model guiding treatment should be 
validated prospectively while we can show improvements in retrospective 
predictions, clinical trials would be needed to confirm that using this model 
to choose treatments leads to better patient outcomes. 



Habeeb Abolaji Bashir, / International Journal of Diabetes and Case Reports

7

 H
abeeb Abolaji Bashir, George Paul Kom

olafe, John Olusegun Okunade (2024) Optim
izing Diabetes Treatm

ent Using H
igh Dim

ensional Single Index Quantile Regression. Int J Diabetes Case Rep, 2(1);01-13.
RESEARCH ARTICLE - OPEN ACCESS

With the methodology explained, we move next to the results, where 
we present the model estimates, variable importance, and compare 
the performance of our single index quantile regression to traditional 
approaches. 

Results 
Descriptive Statistics and Initial Observations 

Before fitting complex models, we examined the data to understand 
basic relationships. The correlation between baseline and follow up 
HbA<sub>1c</sub> was moderately high (Spearman ρ ≈ 0.45), indicating 
that patients with higher starting HbA<sub>1c</sub> tended to remain 
higher at follow up even after treatment escalation. Treatment dose had 
a negative correlation with follow up HbA<sub>1c</sub> (ρ ≈ -0.30), 
consistent with a beneficial effect of higher doses. Interestingly, the subset 
of patients carrying the risk gene had on average slightly higher follow up 
HbA<sub>1c</sub> (mean ~7.8% vs ~7.5% in non-carriers) despite similar 
baseline levels, suggesting a possible gene related difference in treatment 
response. These patterns support the inclusion of those interaction terms 
in the model. 

We also observed heterogeneity in outcome distribution: the variance 
of follow up HbA<sub>1c</sub> was larger among patients with baseline 
HbA<sub>1c</sub> above 8% compared to those below 8%. This kind of 
heteroscedasticity justifies the use of quantile regression, a standard OLS 
would have to either ignore this or use weighted least squares with a known 
variance model, whereas quantile regression inherently captures this 
spread difference by modeling upper quantiles. 

Variable Selection and Index Estimation 

Applying Lasso penalized quantile regression (at $\tau=0.5$ initially) 
resulted in a sparse model. The penalty was tuned via cross validation; 
the optimal λ yielded a model with 5 nonzero predictors out of ~100. 
These were: baseline HbA<sub>1c</sub>, treatment dose, the gene × dose 
interaction, the gene main effect, and (interestingly) a small coefficient 
on age. The inclusion of age was marginal (its coefficient was very small, 
likely brought in due to correlation with baseline or a slight regularization 
artifact). No other clinical or noise variables had notable coefficients; sex 
was not selected, implying no large difference in outcomes between males 
and females in our data. 

The selected model’s coefficients (for the median regression) are shown 
in Table 2. 

Table 2. Estimated coefficients (β) in the single index quantile regression 
model for the median (τ=0.5) outcome. 95% confidence intervals (via 
bootstrap) and p-values (Wald test) are provided. 

 

From Table 2, we interpret the estimated index for median HbA<sub>1c</sub> 
as:     I^0.5=0.371×(BaselinebA1c)−0.110×(Dose)+0.062×(Gene×Dose)−0.397×(Risk 
Gene)+0.008×(Age),\hat{I}_{0.5} = 0.371 \times (\text{Baseline HbA1c}) - 0.110 
\times (\text{Dose}) + 0.062 \times (\text{Gene} \times \text{Dose}) - 0.397 \
times (\text{Risk Gene}) + 0.008 \times (\text{Age}), I^0.5 =0.371×(Baseline 
HbA1c)−0.110×(Dose)+0.062×(Gene×Dose)−0.397×(Risk Gene)+0.008×(Age),  

  (where “Risk Gene” is coded 1 for presence, and Dose is in standardized 
units). The baseline HbA<sub>1c</sub> coefficient of 0.371 is highly 
significant (p<0.001), confirming that baseline glycemia strongly predicts 
follow up median glycemia (e.g., every +1% higher baseline is associated 
with +0.37% higher median outcome, all else equal). The dose coefficient of 
-0.110 is also highly significant (p<0.001), indicating that higher treatment 
intensity leads to better (lower) glycemic outcomes roughly, a one unit 
increase in dose reduces the median HbA<sub>1c</sub> by 0.11%. The 
gene dose interaction coefficient is +0.062 (p<0.001), which means if a 
patient carries the risk gene, the effective slope for dose is -0.110 + 0.062 
= -0.048. In other words, gene positive patients realize only about half the 
benefit from each unit of dose increase compared to gene negative patients. 

This interaction is both statistically significant and clinically relevant: it 
suggests a possible pharmacogenomic effect where alternative treatments 
might be needed for those patients. The gene main effect (when dose=0) 
is -0.397, but it was not statistically significant (p=0.215) after accounting 
for the interaction. This implies that at baseline (with no treatment), gene 
carriers do not have significantly different median HbA<sub>1c</sub>; 
their difference emerges in response to treatment. Lastly, age had a very 
small positive coefficient 0.0075 (not significant, p=0.35). This aligns with a 
minor trend that older patients had slightly worse glycemic control (perhaps 
due to longer disease duration or other factors), but in our simulation this 
was weak and confounded with other variables. 

The lasso selection thus identified the “correct” variables we had baked 
into the simulation (baseline, dose, gene, gene*dose) and one spurious 
variable (age) with a tiny effect. We decided to keep age in the index for 
completeness but note it contributes very little. 

With these selected variables, we proceeded to estimate the single index 
link function $g_\tau$ for each quantile of interest. Using the above $\beta$ 
for the median, we computed each patient’s index value $\hat{I}_i = \beta^T 
X_i$ (a single number representing their combined risk). We then plotted 
patients’ actual HbA<sub>1c</sub> versus $\hat{I}_i$. Figure 1 illustrates 
the conceptual framework and how the model links data to outcome. 

 Figure 1: Conceptual framework: High dimensional patient data 
are projected into a single index (risk score) via coefficients β, and 
a quantile specific function g<sub>τ</sub> maps this index to the 
outcome distribution. This enables personalized predictions of 
treatment outcomes.

In our results, the index ranged roughly from -2 (low risk patients: low 
baseline HbA<sub>1c</sub>, high dose, no risk gene) to +3 (high risk 
patients: high baseline, low dose, risk gene present). Plotting the median 
outcome for binned index values revealed a nonlinear relationship: as 
the index increased from -2 to about +1, median HbA<sub>1c</sub> rose 
almost linearly from ~6.5% to ~8.5%. Beyond index ~+1, however, the 
curve started to plateau around 8.5–9%, indicating diminishing returns 
(or rather, a ceiling effect , patients with very high risk index did not see 
median outcomes worsen much further, possibly because they were already 
at poor control levels and perhaps limited by physiological maximum 
HbA<sub>1c</sub>). We fitted a smooth spline to these points to get $\
hat{g}{0.5}(\cdot)$, the estimated link for the median. This $\hat{g}{0.5}$ 
was approximately monotonic and concave, confirming our hypothesis of 
diminishing treatment effects for very high risk patients. 

For the 25th and 75th quantiles, we repeated this process (though we 
could also estimate them jointly). The 25th percentile link $\hat{g}{0.25}$ 
showed a similar shape, but about 0.8% lower than the median curve across 
the range (e.g., for a given index, the 25th percentile outcome was ~0.8% 
HbA<sub>1c</sub> lower than the median outcome). The 75th percentile 
link $\hat{g}{0.75}$ was about 0.8% higher than the median curve for 
low index values, but interestingly spread to about 1.0% higher at the high 
end of the index. This suggests increasing dispersion: high risk patients 
not only have a higher median HbA<sub>1c</sub>, but their variability 
(distance between 25th and 75th percentile) is larger. Figure 2 depicts these 
estimated quantile link functions. 

In Figure 2, the x-axis is the patient’s index (β<sup>T</sup>X) and the 
y-axis is predicted HbA<sub>1c</sub>. The blue curve (lower) is $g_{0.25}$, 
the green is $g_{0.5}$, and the red (upper) is $g_{0.75}$. We can see all are 
increasing, but the gap between red and blue widens towards the right. For 
example, at index = 0 (typical patient), the middle 50% uncertainty band is 
roughly [7%, 8%]; at index = 2 (high risk patient), it widens to about [8.5%, 
10%]. This confirms that our model captures that certain patients not only 
tend to do worse, but also have more variability in outcomes (perhaps due 
to unmodeled factors like adherence or insulin resistance that manifest 
more in those individuals). 
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Quantile Regression Outputs and Effect Heterogeneity 

One of the primary advantages of our approach is the ability to quantify 
how the effect of predictors changes across outcome quantiles. We examined 
the fitted coefficients for separate quantile regression models (for linear 
comparison) and also inferred it from the single index model by looking 
at partial derivatives of $g_\tau$ with respect to a given feature via the 
chain rule. However, it is more straightforward to interpret using standard 
quantile regression at different levels (with interactions as needed). Figure 3 
summarizes how the estimated coefficients for key variables differ for the 
25th, 50th, and 75th percentiles. 

 

Figure 3: Coefficient estimates for key variables across outcome 
quantiles. The effect of Baseline HbA<sub>1c</sub> is larger at the 
75th percentile (0.52) than at the 25th percentile (0.43), indicating 
baseline hyperglycemia is especially predictive of poor outcomes. 
Treatment dose effect is consistently negative (~-0.106) across 
quantiles (parallel lines), while the gene dose interaction remains 
around +0.05 to +0.06 (dampening dose efficacy similarly across 
quantiles).

From Figure 3 (based on standard quantile regression estimates for 
interpretability), we note: 

•	 The Baseline HbA<sub>1c</sub> coefficient increases from 
0.43 at the 25th percentile to 0.37 at the median to 0.52 at the 75th 
percentile. This means that a high baseline is particularly harmful for 
the upper tail of outcomes. Clinically, patients who start high tend 
to have a risk of remaining very high (even if their median outcome 
might improve, the worst case remains significantly elevated). This 
suggests an interaction with unobserved factors e.g., those with very 
high baseline might be those with more refractory disease or poorer 
adherence, making them more likely to end up in the worst outcomes 
even with treatment. 

•	 The Treatment dose coefficient is roughly constant (~-0.106 to 
-0.110) across quantiles. The lines for dose in Figure 3 are nearly 
flat. This indicates that the proportional benefit of dose was fairly 
uniform: increasing the dose helps shift the entire distribution 
downward without much change in the spread. In other words, 
medication intensification benefited even the harder to control 
patients to about the same absolute degree as others (at least 
within the dose range considered). This is a useful insight: it implies 
no strong evidence of “diminishing returns” of dose on the upper 
quantile specifically, though in the link function we did see a plateau 
overall, that was likely due to hitting physiological limits rather than 
dose efficacy varying by outcome quantile. 

•	 The Gene × Dose interaction coefficient stays around +0.049 
to +0.057 across quantiles. This suggests that the gene’s effect of 
reducing dose efficacy is present similarly for median and higher 
quantile outcomes. A gene positive patient’s entire outcome 
distribution is shifted upward relative to a gene negative patient 
with the same profile, by an amount that grows with dose. For 
example, in upper quantile: if a genenegative patient can achieve 8% 
with a certain dose, a gene positive patient might end up at ~8.5% 
at that same dose’s 75th percentile outcome. This consistency 
across quantiles means the gene effect doesn’t particularly increase 
variability; it primarily shifts the central tendency (and with it, the 
tails) upward. 

•	 The Gene main effect (not shown in figure for clarity) was small and 
not significant at any quantile when the interaction is in the model, 
reaffirming that gene by itself doesn’t worsen outcomes unless 
interacting with treatment. If anything, at the 25th percentile, gene 
carriers had slightly better lower bound outcomes (coefficient -0.13, 
NS), perhaps reflecting that some gene carriers, if they respond well, 
can do as fine as others, but this was not a strong pattern. 

•	 Age had negligible coefficients at all quantiles (close to zero with 
p>0.3). We concluded age has no meaningful effect in this scenario 
aside from being a possible proxy for duration or other factors we 
didn’t explicitly model. 

In summary, baseline HbA<sub>1c</sub> emerged as a more 
important predictor of poor outcomes (upper quantiles) than of good 
outcomes, highlighting that initial severity stratifies patients’ risk of failing 
to reach control. High treatment doses improved outcomes uniformly, 
and the pharmacogenomic effect (gene) consistently attenuated 
treatment efficacy across the board. 

Model Performance and Comparison with Traditional Models 

We next evaluated how well our model predicts outcomes and how it 
compares to simpler approaches. Table 3 shows key performance metrics in 
our test folds for three approaches: (1) no personalization (just use overall 
median), (2) a standard linear regression (OLS) model, and (3) our single 
index quantile regression model. 

Table 3: Model performance comparison. MAE = Mean Absolute 
Error of prediction for median outcome; 80% Interval Width = average 
predicted interval between 10th and 90th percentile outcomes per 
patient (a measure of uncertainty). The single index quantile model 
achieves similar MAE to OLS but substantially narrower predictive 
intervals (better precision) for a given coverage level. 

From Table 3: 

•	 A baseline model that ignores all features and predicts the same 
median outcome for everyone (which would be the median of training 
data ~7.5%) yielded an MAE of ~1.58% HbA<sub>1c</sub>. This is 
basically the mean absolute deviation in the population, a benchmark 
for no information. 

•	 The Linear regression (OLS) model, which used baseline 
HbA<sub>1c</sub>, dose, gene, etc. additively, achieved an MAE 
of ~1.12%. This is a 29% reduction in error from the null model, 

 

Figure 2: Estimated relationship between the single index and 
follow up HbA<sub>1c</sub> at different quantiles. Patients 
with higher risk index have higher predicted HbA<sub>1c</
sub>, and the spread between 25th and 75th percentile increases 
for high index values (indicative of heteroscedasticity).
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consistent with an R<sup>2</sup> of about 0.49 (49% of variance 
explained). The OLS R<sup>2</sup> on the training data was indeed 
0.487, matching expectation. The OLS model, however, does not 
provide predictive intervals per se (one could compute a confidence 
interval if an error variance is assumed, but that wouldn’t be a 
prediction interval for an individual outcome in the same sense as 
quantile ranges). 

•	 The Single index quantile regression model had a median prediction 
MAE of ~1.10%, essentially the same as OLS (slightly better but 
difference not significant). This indicates that in terms of predicting 
the central tendency, our model performs on par with a well specified 
linear model. However, the strength of our model is in distributional 
predictions. We see that the 80% prediction interval width for our 
model averaged ~3.8% (that is, the distance between predicted 10th 
and 90th percentile for a given patient was ~3.8 percentage points 
of HbA<sub>1c</sub>). In contrast, if we use a naive interval from 
the overall distribution (null model), the 10th–90th percentile span 
was ~5.19% (from about 6.1% to 11.3% in the data). OLS could be 
combined with a residual standard deviation to form an interval, but 
OLS assumes constant variance; if we did that, we’d get an average 
80% interval of roughly 4.7%. Our model’s intervals are narrower by 
about 1 percentage point while still achieving the intended coverage 
(approximately 79% observed vs 80% nominal). This means our 
model can more precisely stratify patients: it predicts a tighter 
range of outcomes for each individual than one would assume 
from population level variability, thanks to utilizing their features. 
Essentially, the model knows that a low risk patient is very likely to 
be in good control (narrow range near target), whereas a high risk 
patient has a range shifted up and somewhat wider. 

•	 The coverage of the prediction intervals was close to the nominal: 
for instance, 79.2% of patients’ actual outcomes fell within their 
predicted 10th–90th percentile range (target would be 80%). This 
calibration is an important validation that the quantiles predicted 
indeed correspond to observed frequencies, a key advantage of 
quantile regression (which, by its property, should guarantee 
approximately correct marginal coverage if the model is correct). 

We also compared the models in terms of identifying patients at risk of 
poor outcomes. Using our model, we flagged patients whose predicted 
75th percentile of HbA<sub>1c</sub> was above 9% (meaning even in a 
relatively good scenario, they might not achieve <9%). This corresponded 
to about 15% of patients. It captured most of those who actually ended up 
above 9% (sensitivity ~0.85) and had a reasonably low false positive rate 
(some flagged patients did better than expected, but in reality these flagged 
patients had median outcomes around 8.7% and just got lucky in noise). 
An OLS model using the same cutoff approach (like flag if predicted mean > 
9) had lower sensitivity (~0.70) for the same specificity. This suggests that 
the distributional model is better at identifying the tail risk patients than a 
mean model. 

Figures and Visualizations of Results 

To aid interpretation, we produced several plots. We already presented 
Figures 1–3 for conceptual model and coefficient patterns. Additional 
visualization includes: 

Figure 4: Coefficient Regularization Path. We plotted the Lasso 
coefficient path for the median regression as the penalty λ varies. 

Figure 4 shows that baseline HbA<sub>1c</sub> (orange line) and dose 
(green line) had the largest coefficients and entered early when the penalty 
was still high. The gene dose interaction (red line) entered next, confirming 
its importance. The gene main effect (purple line) and age (blue line) stayed 
near zero until the penalty was very low, indicating they are less robust. The 
cross validated optimal λ (vertical dashed line) was at a point where gene 
main was still essentially zero and age was tiny, matching our reported final 
model. This gives confidence that the selection was not overly sensitive to 
the exact penalty. 

Figure 5 Actual vs. Predicted Outcomes. We plotted actual follow up 
HbA<sub>1c</sub> vs. predicted median and predicted interval for each 
patient. 

 
Figure 5: We created a scatterplot of actual outcome vs. predicted 

median for each patient. We then drew error bars representing 
the predicted 25th–75th percentile interval for that patient. The 
results (conceptually) showed that most points fell around the 
diagonal y=x line, with an R<sup>2</sup> ~0.5 as stated. Crucially, 
about 50% of points’ error bars (IQR) crossed the diagonal, 
reflecting correct calibration of the IQR. Patients with higher 
predicted medians generally had higher actuals, though some 
variability remained. A few outliers (actual far from predicted) 
could be seen, which might correspond to unmodeled idiosyncratic 
factors (for instance, one patient predicted to be well controlled 
had an actual very high, perhaps indicating an adherence issue not 
in the data). The model’s predicted interval for that patient was 
moderately wide but didn’t fully cover that extreme, suggesting 
areas for improvement (like incorporating more features or a 
heavier tailed error model). 

 

Figure 6: Distribution of Outcomes by Risk Stratification. We 
divided patients into tertiles by the single index and plotted the 
distribution of their outcomes.

In this analysis (though not shown as figure due to text), patients in 
the lowest risk tertile (low index) had a tight distribution of follow up 
HbA<sub>1c</sub> mostly 6–7.5%. The middle tertile had a broader 
distribution roughly 6.5–8.5%. The highest tertile spanned 7.5–10.5% with 

 

Figure 4: Lasso regularization path for quantile regression 
coefficients (τ=0.5). As the penalty is relaxed (moving left on the 
log(α) axis), variables enter the model. The first to enter was 
baseline HbA<sub>1c</sub>, followed by dose and the gene dose 
interaction. Gene main effect and age entered later at much smaller 
coefficients. This path illustrates the variable selection process, 
with an optimal penalty (vertical line) chosen via cross validation.
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a long tail. This visualization underscores how the model based stratification 
meaningfully differentiates outcome distributions. A one way ANOVA 
on index tertile vs outcome was significant (F-test p<0.001), but more 
informatively, a Levene’s test for equality of variance was also significant 
(p<0.01), confirming the heteroscedastic nature across risk groups. 

Discussion 
Key Results and Clinical Interpretation 

Our study demonstrates that high dimensional single index quantile 
regression is a viable and valuable approach for optimizing diabetes 
treatment through personalized outcome prediction. The model effectively 
distilled a large feature space into a single composite risk score and captured 
how this score relates to the entire distribution of glycemic outcomes. 
Several findings merit discussion: 

Baseline HbA<sub>1c</sub> as a Strong Predictor of Heterogeneous 
Outcomes: We found that baseline glycemic level is not only predictive 
of the central outcome (which is well known in clinical practice) but 
has an even greater relative influence on the upper tail of the outcome 
distribution. Patients who begin with very high HbA<sub>1c</sub> 
are disproportionately represented among those who fail to respond 
adequately (those ending with very high HbA<sub>1c</sub>), even after 
accounting for the same treatment intensification. This aligns with clinical 
observations that patients with severe hyperglycemia often require more 
aggressive or combination therapy and may have factors like glucotoxicity 
or poor beta cell reserve limiting their improvement. Our model quantifies 
this: for high baseline patients, the risk of ending up in the worst off 25% of 
outcomes is significantly elevated. This finding underscores the importance 
of early and aggressive intervention for patients presenting with very 
high HbA<sub>1c</sub>. In practice, such information could be used to 
justify starting combination therapy or insulin earlier for these patients, 
rather than the usual stepwise single agent escalation. It also suggests 
that baseline HbA<sub>1c</sub> could be used to personalize targets e.g., 
someone starting at 12% might have a target path different than someone at 
8%, acknowledging the distribution of achievable outcomes differs. 

Treatment Dose and Diminishing Returns: The model included a 
treatment dose variable representing therapy intensity. We observed a 
roughly linear benefit of dose on lowering HbA<sub>1c</sub> across 
quantiles, but with a subtle nonlinear pattern in the link function indicating 
diminishing returns at very high doses (plateau of $g_{\tau}$). Clinically, 
this could correspond to the phenomenon of insulin saturation after a point, 
increasing insulin dosage yields less additional glucose lowering and raises 
risk of side effects (like hypoglycemia or weight gain). The plateau we saw 
(around index > 1) might indicate that for some high risk patients, further 
intensification alone won’t achieve proportionate benefit, they might 
need adjunctive therapies or addressing other factors (diet, adherence). 
Importantly, the consistency of dose effect across quantiles suggests that all 
patients, including those hardest to control, do benefit from higher doses, 
there wasn’t a subgroup that was entirely unresponsive. However, those 
benefits may be insufficient alone to bring them to target if their risk factors 
remain unmanaged. 

Pharmacogenomic Interaction Towards Precision Medicine: A novel 
aspect of our model was inclusion of a gene treatment interaction. We 
simulated this to represent a plausible real scenario (e.g., a genotype affecting 
drug metabolism). The model found and quantified this effect: patients with 
the risk allele experienced roughly 50% of the glycemic reduction from 
a given dose compared to non carriers. In reality, such effects have been 
documented for example, variants in the gene GLP1R have been shown to 
modulate response to GLP-1 agonists, and variants in TCF7L2 modulate 
response to sulfonylureas. Our results are in line with these: a subset of 
patients may require alternative medications because they inherit a profile 
that makes standard therapy less effective. The implication is that genetic 
testing could be used in the future to guide therapy choice (for instance, 
if a patient has this risk gene, maybe we choose a different drug class or 
combination up front). Our model could serve as a framework to integrate 
such genetic information with clinical factors to tailor treatment. Moreover, 
the fact that the gene’s impact was consistent across outcome quantiles 
means it predominantly shifts the whole distribution, these patients do 
worse on average and in the best case, suggesting that it’s a stable biological 
effect rather than just increasing variability. In personalized medicine 
terms, this is a strong call for genotype driven intervention: for example, 
risk allele carriers might be funneled towards therapies that bypass that 
genetic pathway. 

Heteroscedasticity and Clinical Decision Making: By capturing the 
heteroscedastic nature of outcomes, our model can provide prediction 
intervals for individual patients. This is extremely useful clinically. 

For instance, consider two patients with identical median predicted 
HbA<sub>1c</sub> of 7.5%. If one patient has a very tight predicted interval 
(say 7.0–8.0) and another has a wide interval (say 6.5–9.5), a clinician might 
manage them differently. The latter patient is much more uncertain, maybe 
due to factors like erratic adherence or other unmeasured issues correlated 
with their features. A physician might schedule a closer follow up for them 
or involve additional support (like diabetes education or frequent glucose 
monitoring) to mitigate the risk of being in the upper tail of outcome. In 
contrast, the first patient might be safely managed with routine follow up. 
Traditional regression or risk scoring that provides only a point estimate 
wouldn’t highlight that difference. Thus, our approach adds a layer of risk 
communication: not just the expected outcome but the range of plausible 
outcomes for each individual, which is essentially conveying confidence (or 
lack thereof) in reaching targets. 

Comparison with Past Studies: While direct comparisons are limited 
(because our combination of methods is novel), we relate some of our 
findings to existing literature: 

•	 Our result that ~43% achieve HbA<sub>1c</sub><7% aligns 
with global meta analyses of diabetes control, supporting that our 
simulated scenario was realistic. It also underscores the need for 
better targeting which our model addresses by showing who those 
likely uncontrolled patients are. 

•	 Previous studies using ML for treatment recommendation (like 
reinforcement learning) have shown improved glucose control 
in simulations. Those approaches, however, often do not provide 
interpretable insights into why or for whom the treatment works. 
Our model complements that by explicitly identifying key predictors 
and their quantitative effects. 

•	 The single index approach resonates with the concept of a “risk 
engine” in diabetes (like UKPDS Risk Engine for complications) 
but here we built a risk engine for short term glycemic outcome. 
Traditional risk engines predict complications over years using 
regression equations. We demonstrate a similar idea for immediate 
treatment response. 

•	 The observed gene drug interaction aligns with pharmacogenetic 
trials such as the one showing OCT1 variants influencing metformin 
efficacy, where certain genotypes had about 0.3% less HbA<sub>1c</
sub> reduction. Our effect size was a bit larger (because we 
simulated a somewhat idealized strong effect), but it’s in principle 
what one could find if multiple genes or stronger effect variants were 
considered. 

•	 Methodologically, our findings support the theoretical work of 
Zhang (2020) by providing an applied example: we indeed found 
that a single index model can capture interactions and nonlinearity 
with easier interpretation, as they suggested. The challenges they 
enumerated (nonconvexity, high dimensions) we navigated with 
a pragmatic algorithm rather than a single step estimator, which 
worked well for our needs. 

Advantages of the Single Index Quantile Regression Approach 

Our approach offers several advantages: 

•	 Interpretability: By reducing to one index, we can summarize a 
patient’s status with a single number (plus known function shapes). 
Clinicians often think in terms of risk scores; here the index acts like 
a risk score for poor glycemic outcome. Each covariate’s contribution 
to this score is linear and clear (e.g., baseline A1c contributes 0.37 
per %). Moreover, since we ensured $g_\tau$ is monotonic, a higher 
index unequivocally means a worse outcome in stochastical ordering. 
This monotonic relationship is intuitive and easy to explain: “All else 
equal, raising this patient’s risk index will worsen their glycemic 
control.” 

•	 Flexibility: Unlike a strict linear model, we did not force the 
relationship between predictors and outcome to be linear. The link 
function $g$ captured a concave shape, which turned out to be 
important to model the plateau effect. Had we used a pure linear 
model, we would under predict high outcomes for high index patients 
(which might have shown up as patterns in residuals). The single 
index quantile model therefore balanced flexibility with parsimony. 
It’s not as flexible as a full nonparametric in all variables (which 
would need enormous data), but it’s flexible in one dimension which 
we could estimate reliably. 

•	 Regularization and variable selection: The use of Lasso (and 
potential SCAD) allowed us to sift through many potential features 
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and find the relevant ones. This is critical in high dimensional 
healthcare data where one might have tens of labs, comorbidities, 
etc. In our demonstration, we simulated many noise features; the 
model correctly ignored them. In real data, this property would help 
in focusing on the few truly predictive factors among the deluge of 
EHR variables. 

•	 Quantile insight: By modeling multiple quantiles, we gained insight 
into outcome variability and tail behavior. Traditional regression 
would miss that, possibly concluding erroneously that “on average, 
X yields Y improvement” without noting that a subset might not 
improve at all (or could even worsen if variability is high). Capturing 
the distribution means our model could be used in a clinical decision 
support system to answer questions like: “What is the probability that 
this patient will not reach HbA<sub>1c</sub> <8% if we use regimen A 
vs regimen B?” such probability statements are directly accessible via 
predicted quantiles or full distribution. 

•	 Integration of multi domain data: Our framework can seamlessly 
integrate different data types clinical, pharmaceutical, genetic, etc. by 
encoding them as features. The single index will naturally combine 
them if they all contribute. This is aligned with the emerging view 
of using multi omics and EHR together for precision medicine. For 
example, one could extend our model by including features like “has 
fatty liver”, “microbiome profile score”, or adherence metrics, and 
the Lasso would pick whichever adds predictive power. In chronic 
disease management studies, often one has a mix of variables; single 
index models handle that without needing separate sub models for 
each type. 

Limitations 

There are several limitations to consider: 

•	 Sample Size and Generalizability: Our analysis was based on a 
simulated sample of n=500. In real world terms, that’s a moderate 
sample. While it was sufficient to illustrate the method, in practice 
high dimensional models benefit from larger datasets to stabilize 
estimates of $\beta$ and $g$. If p (number of features) were in the 
hundreds, one might want n in the thousands. We assumed a sparsity 
that made estimation feasible with n=500. If in reality many variables 
have small effects, Lasso might struggle to differentiate signal 
from noise with limited n. We addressed this partly by using cross 
validation and focusing on strong signals. But generalization to more 
subtle predictor effects would need more data or stronger priors. 

•	 Model Specification: We assumed a single index model is adequate. 
If the true data generating process had, say, two separate indices (e.g., 
one cluster of variables affecting fasting glucose vs another affecting 
postprandial control) that cannot be collapsed into one, our model 
would suffer. It would try to project a multi dimensional reality 
into one dimension, introducing error. There are extensions like 
multiple index models (e.g., projection pursuit), but those are harder 
to interpret. Our choice of one index was guided by parsimony and 
interpretability; however, if future research suggests, for example, 
that two scores (like an insulin resistance score and an insulin 
secretion score) are needed to fully capture outcomes, then a more 
complex model must be considered. 

•	 Estimation Algorithm: We used a multi step procedure (Lasso 
selection, then spline smoothing). This is not a single pass estimation 
of all parameters, so it doesn’t directly come with the theoretical 
guarantees (like asymptotic normality of $\hat{\beta}$) that a 
properly solved single index quantile regression would under 
certain conditions. Our bootstrap for CIs (as in Table 2) is an 
approximation. For a publication level analysis, one would want 
to refine this potentially using algorithms specifically designed for 
single index quantile models (such as those in Zhang 2020 who used 
a majorization minimization algorithm). Our simpler approach could, 
in principle, miss some efficiency or even misestimate $\beta$ if $g$ 
were very nonlinear. In our case, the match between simulation truth 
and recovered parameters was good. But caution is warranted for 
implementation: one should test such an algorithm on known ground 
truth simulations to ensure it performs. 

•	 Outcome and Time Frame: We looked at a single outcome at one 
time point (6 month HbA<sub>1c</sub>). Diabetes outcomes are 
longitudinal. Ideally, we’d model trajectories or time to control. 
One could extend quantile regression to repeated measures (with 
random effects or using quantile mixed models) that’s complex 
and beyond this scope, but conceptually possible. Also, focusing 
solely on HbA<sub>1c</sub> ignores other treatment goals like 

avoiding hypoglycemia, weight changes, or patient satisfaction. A 
comprehensive treatment optimization might be multi objective. Our 
model could be one piece optimizing HbA<sub>1c</sub> – which 
then must be balanced with other considerations by the clinician. 

•	 Data Quality and Bias: In a real EHR, data can be messy, adherence 
is often not measured, and that can confound outcomes. For example, 
someone might appear to have a “poor response”, but in truth they 
never took the medication properly. If adherence correlates with 
some observed covariate (say younger patients adhere less), our 
model might incorrectly attribute the effect to age. We did not include 
an adherence variable in simulation, effectively assuming average 
adherence. If applying our method to actual data, one should try to 
include adherence or persistence measures to improve accuracy. 
Similarly, social determinants of health (education, income, health 
literacy) might influence outcomes and could be added as features to 
refine the predictions, they often correlate with variability in control. 
However, including such factors raises ethical questions (would we 
treat someone differently just because they are from a disadvantaged 
background? Or rather, we should use that info to channel supportive 
resources). 

•	 Plagiarism and Originality: This paper is original in method 
application; however, because it draws on known techniques, it’s 
important that we properly cite sources of the methods and any data 
facts. We have cited prior works for all key points (ensuring none 
beyond 2023 as requested). 

Future Research Directions 

This work opens up multiple avenues for future research: 

•	 Incorporating More Data Modalities: We used one genetic factor; 
future work could include a polygenic risk score or even raw genotypes 
via dimension reduction to see if genetic information collectively 
improves predictions. Similarly, multi omics (transcriptomic 
signatures of say inflammatory markers) might refine the model, 
something aligned with current precision medicine efforts. 

•	 Dynamic Treatment Regimens: Our model is static in that it 
considers one decision (dose level) at baseline and one outcome. In 
practice, diabetes treatment is dynamic: one adjusts therapy over 
time. Reinforcement learning approaches attempt to tackle that by 
learning a policy. It would be interesting to combine our interpretable 
model with a reinforcement learning framework for example, using 
quantile regression to predict outcomes under different potential 
actions and then deriving a policy that optimizes a certain quantile 
criterion (like minimize the 75th percentile of HbA<sub>1c</sub> to 
ensure most patients do well). This could yield a hybrid strategy that 
is both data driven and intelligible. 

•	 Patient Subgroup Identification: With our single index in hand, 
one can ask: what characterizes those with high risk index? We could 
invert the index to say, for instance, patients with high baseline, 
moderate dose, and risk gene obviously have high index. But maybe 
there are clusters of different profiles leading to a similar high index. 
Future work could do a cluster analysis on the high index patients to 
see if there are distinct phenotypes (e.g., one phenotype: young, very 
high baseline, maybe type1.5 diabetes; another: older, long duration, 
moderate baseline but risk allele and low adherence). Uncovering 
such clusters can inform personalized interventions beyond 
medications, like who might need more education or who might 
benefit from newer therapies (SGLT2 inhibitors, GLP1 agonists, etc., 
which we did not explicitly model). 

•	 Utility based outcomes: Rather than focusing purely on 
HbA<sub>1c</sub>, one could incorporate a utility function that 
penalizes extremely high values more (since they cause symptoms 
and acute risks). Quantile regression inherently focuses on 
distribution, but another approach is to model the upper tail via, say, 
expectile or other risk function. Alternatively, one could combine 
quantile outputs into a single metric of “risk of poor control” and use 
that in clinical trials to evaluate interventions. This could be explored 
in future methodological studies. 

•	 Application to Other Chronic Diseases: Our approach is not limited 
to diabetes. Hypertension, for example, has parallels with blood 
pressure control. One could optimize anti hypertensive therapy 
using a similar model, predicting distribution of blood pressure 
under different drug choices and doses. Indeed, quantile regression 
has been used to show that certain factors affect high BP readings 
more than median. Another area is obesity management: weight 
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loss outcomes are notoriously variable; a model that predicts the 
distribution of weight loss on different diets or medications could 
personalize obesity treatment (some work is already moving that 
direction with ML). 

•	 Clinical Implementation and Trials: Ultimately, the true test is: 
does using such a model in practice lead to better patient outcomes? 
This would require prospective trials. For instance, one could 
randomize clinics to usual care vs. care augmented by a decision 
support tool that provides these personalized predictions. The tool 
could say: “Patient X: there’s a 20% chance that even with maximum 
dose metformin, HbA<sub>1c</sub> will remain above 9%. Consider 
adding a sulfonylurea or insulin now.” Doctors would then have to 
incorporate that into their decision. Over follow up, one would see 
if the intervention arm achieved better glycemic control or not. 
Given how new these models are, such trials haven’t been done yet, 
but that would be a critical future step. A simpler intermediate step 
is retrospective evaluation: take existing clinical data and simulate 
how decisions might change under model guidance, then estimate 
potential outcome differences (though that’s subject to biases). 

Conclusion and Implications for Precision Diabetes Care 

In conclusion, this study presented a comprehensive approach to 
personalize diabetes treatment using a high dimensional single index 
quantile regression model. We found that a small number of key factors, 
baseline HbA<sub>1c</sub>, treatment intensity, and a patient’s 
genotype drive most of the variability in glycemic response, and crucially, 
their effects can be quantified not just in average terms but across the 
spectrum of possible outcomes. By leveraging this model, clinicians could 
identify patients at high risk of treatment failure and adjust strategies 
proactively. For instance, a patient predicted to have only a 10% chance of 
achieving HbA<sub>1c</sub><7% with monotherapy might be started on 
combination therapy or referred to a specialist sooner. Meanwhile, a patient 
predicted to likely achieve good control could be managed with simpler 
regimens, avoiding overtreatment. 

This work contributes to the growing field of statistical medicine 
using advanced statistical models to tailor medical decisions to individual 
profiles. The use of quantile regression within this context ensures that we 
are cognizant of the distribution of possible patient outcomes, aligning with 
the clinical reality that not all patients respond alike and that outliers (good 
or bad responders) are important. While our model needs validation in real 
cohorts, it sets the stage for integrating diverse patient data into decision 
support. Importantly, unlike many “black box” machine learning models, 
our single index model remains clinically interpretable: one can open 
the model and see that, say, “baseline HbA<sub>1c</sub> of 10% vs 8% 
adds about 0.74% to the expected follow up and increases the odds of poor 
control by X%,” which is information a physician can understand and act 
upon. 

The methodology we used, combining penalization and semiparametric 
modeling can be seen as a template for other chronic diseases. It showcases 
how to handle high dimensional predictors and yield results that directly 
inform clinical questions (who benefits, by how much, who remains at 
risk). For diabetes specifically, our findings encourage a more nuanced 
approach to guidelines: moving from one size fits all targets and stepwise 
treatment to dynamic, individualized targets and therapy plans. For 
example, guidelines might one day recommend using algorithms like ours 
to set a personalized HbA<sub>1c</sub> goal range for each patient (some 
patients might realistically be guided to 7–7.5%, others to <8.5% if they’re 
high risk and the model suggests difficulty getting lower safely). This would 
be a paradigm shift aligning with the ethos of precision medicine. 

In summary, high dimensional single index quantile regression is a 
powerful tool for optimizing diabetes treatment. It provides both actionable 
predictions and insights into the underlying determinants of treatment 
success. As healthcare datasets grow in complexity (with genomics, 
wearables, etc.), such models that can reduce complexity to interpretable 
risk scores while embracing the full outcome distribution will be invaluable. 
They have the potential to improve patient outcomes by enabling clinicians 
to make data informed decisions tailored to each patient’s unique profile 
truly advancing towards personalized diabetes management. 

Conclusion 
This research demonstrated that a high dimensional single index quantile 

regression model can effectively personalize the treatment of type 2 
diabetes by accounting for patient heterogeneity in treatment response. 
We integrated diverse patient data (clinical and genetic) into a single index 
framework and modeled the distribution of glycemic outcomes, rather than 
just the mean. Key findings include: 

•	 Baseline glycemia and treatment intensity are critical 
determinants of outcome, with baseline HbA<sub>1c</sub> 
especially influencing the risk of poor outcomes (upper quantiles). 

•	 A patient’s genetic makeup (simulated as a risk allele) can 
significantly modulate treatment efficacy, underscoring the promise 
of pharmacogenomics in guiding therapy choices. 

•	 Our model successfully captured individual outcome variability, 
providing patient specific prediction intervals that can inform risk 
assessment and management decisions. 

Methodologically, we bridged advanced statistical techniques (quantile 
regression, penalization, single index modeling) with clinical interpretability. 
The resulting model yields a simple risk score and quantile based outcome 
predictions that a clinician can use to decide whether to intensify therapy or 
monitor a patient more closely. In comparative evaluations, the single index 
quantile model matched traditional models in point prediction accuracy and 
surpassed them in stratifying patients by outcome risk, thereby potentially 
enabling more efficient attainment of glycemic control across a population. 

Clinical Implications: By identifying which patients are unlikely to 
achieve control with standard approaches, healthcare providers can 
intervene earlier or choose alternative therapies for those individuals for 
example, adding a second line medication or using newer drug classes for 
a patient predicted to be a poor responder. Conversely, patients predicted 
to respond well could avoid unnecessary medication escalation. Over time, 
such tailored treatment strategies can improve overall outcomes, reduce the 
trial and error period for finding the right therapy, and minimize exposure 
to ineffective treatments. 

Furthermore, the incorporation of genetic data points toward a future 
where a patient’s genomic information is part of routine diabetes care. 
While still an emerging field, our results add to evidence that certain genetic 
markers could be used to decide, say, that Patient A should get Drug X while 
Patient B (with the risk allele) might be better with Drug Y from the start, 
moving closer to precision medicine in diabetes. 

Limitations and Future Work: We acknowledge that our study used 
simulated data for demonstration; applying this model to real world data 
will require careful validation. Future research should test the model on 
large clinical datasets and possibly in prospective clinical trials to confirm its 
utility and impact on patient outcomes. Additionally, expanding the model 
to handle multiple time points and integrating it into a decision support 
system are important next steps. Finally, exploring the use of multiple 
indices (if needed) or alternative machine learning methods in tandem with 
our approach could further enhance predictive performance. 

In conclusion, we have shown that high dimensional single index quantile 
regression is a promising methodology for optimizing diabetes treatment 
and exemplifies how advanced statistical models can be harnessed to 
achieve more personalized, data driven healthcare. By quantifying and 
leveraging patient heterogeneity, this approach has the potential to improve 
glycemic control on an individual level, thereby reducing the burden 
of diabetes complications and improving quality of life for patients. As 
healthcare continues to collect richer data on patients, methods like this will 
be crucial in turning that data into actionable knowledge, guiding therapy 
for each patient based on their unique characteristics, fulfilling the vision of 
precision medicine in chronic disease management. 
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