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Abstract 

Background Hypertension control remains a critical problem and most of the existing literature views it from a clini-
cal perspective, overlooking the role of sociodemographic factors. This study aims to identify patients with not well-
controlled hypertension using readily available demographic and socioeconomic features and elucidate important 
predictive variables.

Methods In this retrospective cohort study, records from 1/1/2012 to 1/1/2020 at the Boston Medical Center were 
used. Patients with either a hypertension diagnosis or related records (≥ 130 mmHg systolic or ≥ 90 mmHg diastolic, 
n = 164,041) were selected. Models were developed to predict which patients had uncontrolled hypertension defined 
as systolic blood pressure (SBP) records exceeding 160 mmHg.

Results The predictive model of high SBP reached an Area Under the Receiver Operating Characteristic Curve 
of 74.49% ± 0.23%. Age, race, Social Determinants of Health (SDoH), mental health, and cigarette use were predictive 
of high SBP. Being Black or having critical social needs led to higher probability of uncontrolled SBP. To mitigate model 
bias and elucidate differences in predictive variables, two separate models were trained for Black and White patients. 
Black patients face a 4.7 × higher False Positive Rate (FPR) and a 0.58 × lower False Negative Rate (FNR) compared 
to White patients. Decision threshold differentiation was implemented to equalize FNR. Race-specific models revealed 
different sets of social variables predicting high SBP, with Black patients being affected by structural barriers (e.g., food 
and transportation) and White patients by personal and demographic factors (e.g., marital status).

Conclusions Models using non-clinical factors can predict which patients exhibit poorly controlled hypertension. 
Racial and SDoH variables are significant predictors but lead to biased predictive models. Race-specific models are 
not sufficient to resolve such biases and require further decision threshold tuning. A host of structural socioeconomic 
factors are identified to be targeted to reduce disparities in hypertension control.
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Backgroound
Hypertension is one of the most prevalent chronic car-
diovascular disorders. While nearly half of the adults 
with hypertension in the U.S. have Systolic Blood Pres-
sure (SBP) over 140 mmHg, only 24% of them have their 
hypertension under control [1]. Lack of control can lead 
to adverse outcomes, such as ischemic heart disease 
[2], stroke, and heart failure [3]. Severely hypertensive 
patients typically need long-term medical care with sig-
nificant cost implications.

It is also hard to ignore longstanding health ineq-
uity issues in hypertension. There is evidence linking 
high blood pressure and Social Determinants of Health 
(SDoH), including income measures [4–7]. Multiple 
studies have found that Black people have a higher inci-
dence of hypertension than any other racial group in the 
U.S [8–11]. The confluence of all these factors creates 
persistent health disparities, impacting hypertension 
control. It becomes important to identify severe hyper-
tension and target patients with a more urgent need of 
better BP management.

Most of the current hypertension predictive models 
focus on predicting the emergence of hypertension [12–
15]. Less attention has been given to predicting poorly 
managed hypertension. Several of the existing prognos-
tic models use clinical variables (e.g., past BP measure-
ments) and laboratory results to improve prediction 
accuracy [14, 16]. A drawback to using such variables is 
that model applicability is restricted to (resource-rich) 
settings, where such information is available for most 
patients. However, in these settings lack of good hyper-
tension control is less prevalent. Also, models with more 
features and higher complexity may become difficult and 
more costly to implement in clinical practice [17]. The 
goal of the present study is to develop models that rely 
on readily available and self-reported sociodemographic 
information and assess whether such information can 
predict poor hypertension management and enable tar-
geted interventions.

An additional goal is to elucidate the role of racial and 
SDoH variables [18]. Whereas these factors are impor-
tant to study, to the best of our knowledge there has been 
less attention on how existing disparities may affect pre-
dictive models and introduce biases in the way predic-
tions are made. The existing studies are either related to 
other diseases (e.g., heart failure [19]), or focus on causal 
inference models in different applications and without 
the level of detailed SDoH information we have access to 
for this study [20]. In particular, there is not enough work 
that considered an array of SDoH variables and sought to 
understand their relative importance in making predic-
tions to inform subsequent targeted support programs 
that promote health equity.

The definition of uncontrolled hypertension has 
changed over time and differs from earlier hypertension 
guidelines. We defined very high blood pressure as SBP 
exceeding 160 mmHg. Historically, that was the thresh-
old for Stage-2 hypertension, but it has been lowered to 
140  mmHg with the most recent guidelines [21]. While 
other thresholds such as 150 or 170 mm Hg could have 
been used, the specific value is less critical than the 
overarching goal of identifying those with uncontrolled 
hypertension.

The major contributions and novelties of this study are:

• We developed an easily implementable and interpret-
able predictive model of very high blood pressure 
among hypertensive patients, based only on demo-
graphic features and socioeconomic factors. We 
opted for not using clinical or laboratory variables, 
not even blood pressure measurements, so that the 
model could be used for most individuals, even those 
seen infrequently and with a limited clinical record 
in a health care system. The model could enable pre-
ventive actions that could range from contact with a 
care management professional, inviting the patient in 
the clinic for a hypertension consultation, to broader 
efforts in partnership with community support 
groups to address patients’ individual social needs.

• We elucidated the importance of sociodemographic 
features in assessing hypertension control at a pop-
ulation level. The clinical predictive models have a 
significant performance gap across different racial 
groups and needed to be vetted and corrected to mit-
igate this bias.

• We identified a host of non-clinical structural SDoH 
factors that could targeted to help reduce disparities 
in hypertension control (which build on an existing 
body of literature linking disparities to social and 
environment factors).

Materials and methods
Cohort design
We extracted data from Boston Medical Center (BMC) 
Electronic Health Records (EHRs) from January 1, 2012 
to January 1, 2020. The dataset included all patients who 
satisfied one or more of the following conditions: (1) 
patients who had a hypertension diagnosis; (2) patients 
with high blood pressure in their problem list; and (3) 
patients with at least two recorded SBP measurement 
exceeding 130  mmHg or a Diastolic Blood Pressure 
(DBP) measurement exceeding 90 mmHg.

In total, the dataset included 164,041 patients, with 
85,924 female (52.38%) and 78,110 male (47.62%). Fea-
tures extracted included: age, sex, race, language, marital 
status, SDoH factors, depression scale, cigarette use, and 
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ZIP code. Notably, 86.5% of the patients in the dataset do 
not have frequent SBP measurements, which substanti-
ates our decision to not use clinical variables as predic-
tive variables in the model. SDoH factors were extracted 
from the THRIVE survey, a custom screening program 
created by BMC which surveys patients on their unmet 
social needs in eight different domains: transportation, 
ability to secure caregiving for family members, ability to 
pay for utilities, education, food, housing, employment 
issues, and ability to pay for medications [18]. The details 
of feature collection and corresponding pre-processing 
steps are provided in Appendix A. All records were de-
identified before analysis. The study was approved by the 
Boston University Medical Campus (IRB #H-32061) and 
Boston University Institutional Review Boards.

Sociodemographic variables
Demographics were readily available in the patients’ 
EHRs; while basic information like age and sex were 
determined by birth record documentation; race, lan-
guage and other sociodemographic features were 
self-reported. Among all patients in this dataset, 10 cat-
egories of race were recorded: American Indian, Asian, 
Asian Pacific Islander, Black, Hispanic (yes/no for all 
races), Indian, Middle Eastern, Multiracial, White, and 
‘other’ for the rest non-mentioned races. A total of 8 lan-
guages were included: African, American, Asian, Eng-
lish, European, Spanish, Middle Eastern language, and 
other. Information on social needs was extracted from 
the THRIVE SDoH assessment and resource connection 
program developed and implemented in all ambulatory 
care settings at BMC [22]. We combined standardized 
Patient Health Questionnaires (PHQ2 and PHQ9) scores 
to indicate patients’ mental health state as it pertains to 
depression symptoms [23]. The PHQ2 and PHQ9 ques-
tionnaires are part of standard screenings in primary care 
at BMC. The marital status variables take the following 
six values: ‘single’, ‘married’, ‘separated’, ‘divorced’, ‘widow’, 
and ‘other’. Two cigarette smoking related variables were 
included in the data: whether a patient ever was a ciga-
rette user and whether they were subjected to passive 
cigarette smoke exposure.

Pre‑processing
We extracted all patient answers for the THRIVE sur-
vey and created a binary indicator variable for each of 
the 8 domains; specifically, a value of ‘1’ implies that the 
patient reports the corresponding social need and a value 
of ‘0’ otherwise. We combined and encoded the patients’ 
depression test scores into a mental health indicator vari-
able as follows. If a patient had a record of a PHQ2 score 
larger than 2 or a PHQ9 score larger than 4, their ‘Depres-
sion’ feature was recorded as ‘1’, otherwise it was set to 

‘0’. These thresholds on the PHQ scores are consistent 
with the scoring system originally described by Spitzer 
et  al. [24]. All categorical features were then encoded 
into indicator variables for each category (in what is often 
referred to as ‘one-hot’ encoding). Specifically, a value of 
‘1’ is assigned to the indicator variable corresponding to 
the category of a patient and a value of ‘0’ for all other 
categories. Features were standardized by subtracting 
their mean and dividing with their standard deviation. 
We also estimated the median household income and the 
distance to BMC for each patient based on the provided 
ZIP code. This was based on the USA ZIP code database 
‘uszipcode’ [25], which utilizes up-to-date census infor-
mation. Median values were used to impute the missing 
values for each numerical feature. For categorical vari-
ables, and given the type of variables we consider in this 
study, we considered missing values as not-true (assign-
ing a value of ‘0’ to the corresponding indicator variable). 
These pre-processing procedures yielded 40 features for 
each patient.

Models and metrics
We developed machine-learning models to predict 
whether a patient with hypertension has at least one 
SBP record exceeding 160  mmHg. Predictor variables 
included: age, sex, race, language, marital status, esti-
mated median household income, distance to BMC, 
depression scale, cigarette use, and SDoH variables.

We trained both nonlinear models and linear mod-
els. Nonlinear ensemble methods included Random 
Forests (RF) [26], Oblique Random Forests (ORF) [27], 
and gradient boosted decision trees (XGBoost) [28]. 
All typically provide excellent performance but do not 
yield interpretable models as the classifier may combine 
hundreds of decision trees. ORF is an advanced ensem-
ble learning technique that enhances the traditional 
Random Forest algorithm by allowing decision trees 
to split data using oblique hyperplanes rather than 
the standard axis-aligned splits. This method enables 
ORF to capture complex interactions and relationships 
within the data more effectively, leading to improved 
predictive accuracy, especially in high-dimensional 
spaces. The accelerated ORF algorithm package ‘aorsf ’ 
was used for our results [27]. Linear models included 
Support Vector Machine (SVM) [29] and Logistic 
Regression (LR) [30]; both yield interpretable models 
and produce feature weights that can be used to eluci-
date the relative predictive power of different features. 
Features with higher absolute coefficient values can 
be viewed as more significant in predicting high blood 
pressure. The sign of the coefficient indicates whether 
the corresponding feature is positively or negatively 
correlated with the outcome. Regularization (with ℓ1 
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or ℓ2-norm) was added to the linear models to boost 
the robustness of the model against outliers/noise [31, 
32] and avoid models that involve arbitrary linear com-
binations of highly correlated features that may limit 
interpretability. In addition to the coefficients, we also 
reported the p-value and the odds ratio for the top 
features with the highest absolute LR coefficients. The 
p-value was computed using a chi-squared test for cat-
egorical variables and a Kolmogorov–Smirnov (KS) 
test for continuous variables. The null hypothesis was 
that the distribution is the same in the two cohorts. A 
low p-value supports rejection of the null hypothesis, 
implying that the corresponding variable is statistically 
different in the cohort of those with high blood pres-
sure compared to its complement. Odds ratios were 
reported together with their 95% confidence intervals 
(CI).

To evaluate the models’ ability to predict high blood 
pressure, the Area Under the Receiver Operating Char-
acteristic Curve (AUC) and the weighted F1 score was 
calculated out-of-sample (i.e., in a test set not used for 
training the models). AUC measures the area under-
neath the ROC curve and represents the probability 
of the model to assign to a random positive example a 
higher score than that of random negative example. AUC 
is classification threshold-invariant since it provides 
an aggregate measure of performance over all possible 
thresholds. The F1 score is the harmonic mean of preci-
sion and recall. Precision (or positive predictive value) is 
defined as the ratio of true positives among all true and 
false positives. Recall (a.k.a. sensitivity) is the ratio of 
true positives over true positives and false negatives. The 
weighted-F1 score is computed by weighting the F1-score 
of each class by the number of patients in that class. The 
prediction thresholds were optimized to achieve the best 
weighted-F1 score.

The data were randomly split into training (80%) and 
test sets (20%). Algorithm parameters were optimized 
on the training set using fivefold cross-validation and 
grid search. The regularization strength parameter was 
defined on a logarithmic scale [0.001, 0.01, 0.1, 1, 10, 100]. 
For the RF and ORF, the maximum depth of each deci-
sion tree and the number of features per split have been 
optimized, and the number of decision trees was set to 
100. The corresponding candidate ranges were defined as 
[0.05, 0.1, 0.2, 0.3] and with an integer range from [2, 10]. 
For XGBoost, the maximum depth of the individual trees 
and the subsampling of the features (colsample_bytree) 
were optimized on the candidate range [0.05, 0.1, 0.2, 0.3] 
and with an integer range [0.05, 0.075, 0.1, 0.15, 0.2, 0.3], 
respectively. The performance metrics were computed on 
the test set. We report the mean and standard deviation 
of the test performance metrics over 5 random splits.

Model robustness
In this study, linear models with regularization were 
used to identify patients with uncontrolled hyper-
tension. Chen and Paschalidis(31) have established a 
connection between regularization and robustness, 
through a Distributionally Robust Optimization (DRO) 
formulation of the classification problem. Consider, for 
instance, an LR model with response y ∈ {−1,+1} , and 
a predictor vector x ∈ R

p . The Maximum Likelihood 
Estimator of (MLE) coefficient vector β ∈ R

p is found 
by minimizing the negative log-likelihood (logloss):

Define the Wasserstein distance metric on the data 
space as follows:

where Z = R
p
× {−1,+1} . Then the robust LR problem 

can be formulated as:

where Q can be any probability distribution of x, y  
within certain Wasserstein distance of the uniform 
empirical distribution over the training samples. By 
defining M to be an infinitely large positive number, 
which emphasizes the distance cost along the y direc-
tion, it can be shown that the robust LR problem can be 
reformulated as a regularized LR problem with a regular-
izer equal to the dual norm of the coefficient vector ||β||

∗
 . 

Therefore, given N  samples 
(

xi, yi
)

, i = 1, . . . ,N , in the 
training set, the robust LR problem can be reformulated 
as:

where ǫ is a hyper-parameter trading off empirical risk 
(first term) and the regularization term.

Results
Among 164,041 patients in our dataset, 59,306 (36.15%) 
have a record of SBP over 160  mmHg (“very high 
blood pressure”). Table  1 provides basic statistics on 
the entire dataset and on specific groups identified. 
The summary statistics for the distribution of features 
across all 40 features have been included in the Sup-
plement. Supplement Table 1 presents the statistics for 
the entire cohort, while Supplement Table  2 and Sup-
plement Table 3 provide statistics specifically for Black 
and White patients, respectively.
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There were 10 different races considered by the pre-
dictive model, with the majority being Black or White 
patients. Black patients comprised 36.18% of all patients 
but their percentage in the very high SBP cohort was 
46.10%. White patients comprise 34.27% of all patients 
but only 27.73% of the very high SBP group. The com-
puted p-value (chi-square test) compares the distribu-
tion of Black/White patients in the two cohorts (patients 
with no SBP record > 160  mmHg vs. patients with SBP 
record > 160 mmHg). The p-values were 0 for both vari-
ables, which does refute the null hypothesis (the same 
distribution in the two cohorts).

Similar disparities appear in patients who reported 
SDoH in the THRIVE survey. Specifically, 5.68% of the 
patients reported SDoH among all patients but the per-
centage rose to 8.93% among the very high SBP group. 
Specifically, 56.84% of those with reported SDoH exhibit 
very high SBP. The p-value associated with SDoH among 
the two cohorts was 0, indicating statistical significance.

The estimated median household income of all patients 
in the dataset was $53,798 U.S. dollars per year. 40.21% of 
all patients had an estimated household income strictly 
lower than the median, with that percentage rising to 
45.42% among the very high SBP group. The p-value also 
indicates statistical significance of the influence of house-
hold income.

Our algorithms predicting who has very high SBP 
(> 160  mmHg) reached 74.49% ± 0.23% AUC for nonlin-
ear models (XGBoost) and 73.42% ± 0.23% AUC for lin-
ear models. Additional performance metrics are listed in 
Table 2.

Table 2 also reports the top 20 variables, ranked accord-
ing to their corresponding absolute LR model coefficient. 
In accordance with the mean age difference observed 

between all patients and the ones in the high SBP cohort 
(57.7 vs. 64.2), the most important variable is ‘Age’.

The second top feature is cigarette smoking history 
with positive coefficient 0.41. Smokers had 5.06 times the 
odds (CI: 4.89—5.22) of exhibiting very high SBP relative 
to nonsmokers, indicating strong association between 
smoking status and very high blood pressure.

Race is also significant, with ‘Race_Black’ being the 
third most important feature and ‘Race_White’ the 
fourth; each with LR coefficients 0.21 (p-value 0) and 
-0.15 (p-value 0). Being Black has an associated Odds 
Ratio (OR) of 1.94 (CI: 1.90—1.98), implying the ratio of 
the odds for very high SBP versus not is almost twice as 
high in Black patients compared to other races.

Mental health, and specifically ‘Depression’, plays a sig-
nificant role in the model with a coefficient equal to 0.09. 
The corresponding OR is 1.81 (CI: 1.74—1.88). Among 
the eight domains of SDoH variables, ‘transportation’ 
and ‘food’ were the most significant with the same coeffi-
cient 0.05 (p-value < 0.001 respectively). Additional SDoH 
variables included housing and employment needs, both 
inducing a higher likelihood of very high SBP. Further, 
‘Household_income’ also appeared in the top contribut-
ing variables with coefficient -0.06 (p-value < 0.001).

The analysis revealed disparities in very high blood 
pressure between Black and White patients. In the very 
high SBP cohort, 46.10% (27,339 out of 59,306) are Black 
and only 27.73% (16,443 out of 59,306) are White. As 
shown in Table  2, ‘Race_Black’ and ‘Race_White’ are in 
the top 5 predictive features. A more detailed compari-
son between Black and White patients is given in Table 3. 
The incidence of very high SBP among Black patients is 
significantly higher than among White patients. Simi-
larly, Black patients have a larger fraction of lower income 

Table 1 Dataset summary statistics. The ‘high blood pressure group’ refers to patients with systolic blood pressure (SBP) over 
160 mmHg. Patients who report SDoH refers to patients who indicate a social need in any of the 8 domains surveyed by Thrive. Lower 
income patients are those whose household income is below the median among all patients in the dataset

Demographics Value P‑value

All patients N = 164041 Patients with SBP 
record > 160 mmHg M = 59306 (36.15% of N)

Mean age 57.7 64.2 0

Median age 59.0 64.0

Female 85924 (52.38% of N) 31677 (53.41% of M)  < 0.001

Male 78110 (47.62% of N) 27628 (46.59% of M)  < .001

White Patients 56218 (34.27% of N) 16443 (27.73% of M) 0

Black Patients 59353 (36.18% of N) 27339 (46.10% of M) 0

Patients who report SDoH 9317 (5.68% of N) 5296 (8.93% of M) 0

Patients with lower income (< $53,798 
per year)

65967 (40.21% of N) 26937 (45.42% of M)  < 0.001
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patients and a higher percentage of patients with SDoH 
needs. Furthermore, Black patients live a shorter dis-
tance to BMC, on average, while ‘Distance_to_BMC’ has 
a negative coefficient in our models. The feature distribu-
tion comparison for each of the SDoH and marital status 
variables have been visualized in Figs. 1 and Fig. 2. Black 
patients in general have a much higher chance present-
ing with mental health issues and SDoH needs in all 8 
domains. Furthermore, the percentage of single patients 
are higher among Black patients compared with White 
patients.

To further elucidate racial differences and the specific 
features associated with high SBP in each group, we 
trained models on Black and White patients separately. 
Since the cohort of Black patients has more people in the 

high SBP cohort, we downsampled the Black patients to 
induce the same positive sample rate compared to White 
patients (29.25%). The interesting finding is that for both 
AUC and weighted F1 score, the performance of the 
model for Black patients is higher. Specifically, the model 
for Black patients achieves AUC of 74.81% whereas the 
corresponding model for White patients achieves AUC of 
70.11%. More detailed results are in Table 4. The perfor-
mance gap between two racial groups has also been visu-
alized in a heatmap shown in Fig. 3.

Table  4 and Fig.  3 indicate that when we use the 
standard decision threshold on the predicted prob-
ability of very high SBP (i.e., patients with a predicted 
probability above 0.5 are classified in the high SBP 
group), the corresponding false positive rates (FPR) 

Table 2 Predictive model of High SBP record (over 160 mmHg): validation performance metrics and top variables. SD refers to 
the standard deviation of the corresponding metric. LR-L2 and SVM-L2 refer to the ℓ2-norm regularized LR and SVM models. The 
top 20 features of the predictive model are listed and ranked by the absolute LR coefficients (Coef ). We also listed the p-value, 
correlation of the variable with the outcome (Y-corr), the mean of the variable (Y1-mean) in the patient cohort with high SBP records 
over 160 mmHg, and the mean of the variable (Y0-mean) in the patients with no SBP record above 160 mmHg. We report the 
corresponding odds ratios (OR) and their 95% confidence intervals

Algorithm AUC Weighted F1‑score
Mean SD Mean SD

LR‑L2 73.42% 0.23% 69.17% 0.24%

SVM‑L2 73.40% 0.23% 69.14% 0.19%

XGBoost 74.49% 0.23% 70.07% 0.20%

RF 73.53% 0.24% 69.27% 0.24%

ORF 73.86% 0.25% 78.67% 0.16%

Top 20 Variables in the LR model
Variable Coef p‑value Y1‑mean Y0‑mean Y‑corr OR 95% OR CI 5% OR CI

1 Age 0.67 0 64.20 54.02 0.28 1.04 1.04 1.04

2 Ever Cigarette User-YES 0.41 0 0.23 0.05 0.26 5.06 5.22 4.89

3 Race_Black 0.21 0 0.46 0.31 0.16 1.94 1.98 1.90

4 Race_White -0.15 0 0.28 0.38 -0.10 0.63 0.64 0.61

5 Depression 0.09  < 0.001 0.09 0.05 0.07 1.81 1.88 1.74

6 Language_English -0.09  < 0.001 0.67 0.71 -0.04 0.85 0.87 0.84

7 Race_Hispanic -0.09  < 0.001 0.01 0.02 -0.05 0.42 0.46 0.38

8 Marital_status:other -0.07  < 0.001 0.03 0.05 -0.04 0.66 0.69 0.62

9 Race_Other -0.07  < 0.001 0.01 0.02 -0.03 0.48 0.53 0.43

10 Household_income -0.06  < 0.001 55586.96 58078.01 -0.06 0.99 0.99 0.99

11 SDoH_transportation 0.05  < 0.001 0.03 0.01 0.08 3.46 3.76 3.19

12 Race_Asian -0.05  < 0.001 0.03 0.03 -0.03 0.72 0.77 0.68

13 SDoH_food 0.05  < 0.001 0.05 0.02 0.08 2.47 2.62 2.34

14 Race_Middle Eastern -0.05  < 0.001 0.00 0.00 -0.02 0.37 0.48 0.29

15 Language_Other -0.04  < 0.001 0.18 0.17 0.02 1.12 1.15 1.09

16 Language_African 0.03  < 0.001 0.06 0.03 0.06 1.76 1.85 1.68

17 SDoH_housing 0.03  < 0.001 0.01 0.00 0.05 3.05 3.44 2.70

18 Marital_status:divorced 0.03  < 0.001 0.07 0.05 0.04 1.48 1.54 1.42

19 Marital_status:separated 0.02  < 0.001 0.03 0.02 0.04 1.68 1.79 1.58

20 SDoH_job 0.02  < 0.001 0.02 0.01 0.05 2.09 2.27 1.93
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and false negative rates (FNR) are substantially differ-
ent between the two models. In particular, the FPR is 
27.71% for Black patients and 5.92% for White patients 
(a factor of 4.68). Correspondingly, the FNR for Black 
patients is 43.11% compared to 73.82% for White 
patients (a factor of 0.58). We also computed a so called 
‘Treatment Equality’ metric, defined as the ratio FPR/
FNR [33], to evaluate the model’s racial disparity. Hav-
ing this metric equalized among the two cohorts is 

considered desirable. Under the standard 0.5 prediction 
threshold, FPR/FNR for Black patients is 8 times higher 
than the ratio for White patients. These statistics dem-
onstrate that the models are biased and are more likely 
to classify Black patients as belonging to the very high 
SBP group. In essence, the models “pick up” and exploit 
racial disparities present in the data.

To resolve the algorithmic racial disparity, we modi-
fied the decision thresholds used in the two models. 
Clearly there is a trade-off between FPR and FNR; 
higher FPR implies lower FNR and vice versa. One way 
to resolve the bias is to equate the FNR rates. Arguably, 
false negatives are more critical to hypertension control 
because they lead to worse longer-term outcomes and, 
presumably, greater burden associated with long-term 
poorly controlled hypertension. On the other hand, 
false positives only imply providing more support to 
patients who may not need it. The associated resource 
consumption favors the lower costs of primary preven-
tion and care versus the consequences of longer-term 
poorly controlled disease.

Figure 4 plots the FNR for both models as a function 
of the corresponding decision threshold. We elected to 
set the FNR for either model to 25%, which is attained 
by a threshold for Black patients equal to 0.296 and a 
corresponding threshold for White patients equal to 
0.245. Table 5 shows the performance metrics for both 
models after modifying the decision thresholds. The 
resulting FPR of the model for Black patients becomes 
41.11% and the FPR for White patient model becomes 
47.20%. Similarly, the treatment equality metric of FPR/
FNR becomes 1.64 for the Black patients’ model and 
1.89 for the White patients’ model (a factor of 0.87).

Table 3 Comparison between Black and White patients. 
Percentages in the entire dataset are calculated as a fraction 
of the total number of patients (N = 164,041). The population 
in the high SBP cohort consists of Black or White patients with 
SBP records exceeding 160 mmHg and the percentages are 
computed as fractions of M = 59,306, which is the size of the 
high SBP cohort. The population below the median household 
income level consists of Black or White patients who have 
household income below the overall annual median level in 
the entire dataset ($53,798); the corresponding percentages are 
computed as fractions of Black (respectively, White) patients in 
the entire dataset. The population with SDoH consists of patients 
who answered ‘Yes’ in any of the 8 domains of the Thrive survey, 
and percentages are calculated as fractions of Black (respectively, 
White) patients in the entire dataset

Black patients White patients

Population in the entire dataset 59,353 (36.18%) 56,218 (34.27%)

Population in the high SBP cohort 27,339 (46.10%) 16,443 (27.73%)

Population below the median 
household income level

30,537 (51.45%) 12,628 (22.46%)

Population with SDoH 5,941 (10.01%) 1,215 (2.16%)

Average distance to BMC (miles) 16.99 47.25

Fig. 1 SDoH features distribution percentages in the cohort of Black patients and in the cohort of White patients
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Discussion
The discriminatory power of our models is consistent 
with the performance of existing hypertension predic-
tion models which use additional information, such as 
familial history of hypertension and blood pressure (BP) 
measurements [12]. Our results, using a model that relies 
only on self-reported demographics and socioeconomic 
variables, outperform models that use BP measurements, 
laboratory results, and genetic variables (achieving an 
AUC of 66.4%) [34]. Other models achieve AUCs higher 
than 0.75 but incorporate multiple BP measurements 
over time [35] and risk scores [12]. Considering that we 
only used demographics and socioeconomic variables, 

Fig. 2 Marital status features distribution percentages in the cohort of Black patients and in the cohort of White patients

Table 4 High SBP prediction models for Black and White 
patients trained separately: a comparison of validation 
performance metrics. LR-L2 refers to the ℓ2-norm regularized LR 
model. FNR and FPR refer to the model’s false positive and false 
negative rate when the decision threshold (on the predicted 
probability of high SBP) is set to 0.5

LR‑L2 Black patients White patients

AUC 74.07% 70.11%

Weighted F1‑score 67.51% 68.11%

FPR (Threshold = 0.5) 27.71% 5.92%

FNR (Threshold = 0.5) 43.11% 73.82%

FPR/FNR (Threshold = 0.5) 0.64 0.08

Fig. 3 Heatmap showing the performance gap between the Black patients’ model and the White patients’ model
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the discriminatory power of our proposed model is 
noteworthy.

The importance of age is not surprising since numerous 
studies have shown such association, providing plausible 
physiological mechanisms [36].

The harmful effects of cigarette smoking in hyper-
tension control have been previously demonstrated. 
Moreover, hypertensive smokers have an increased risk 
of developing severe forms of hypertension, which may 
result from accelerated atherosclerosis due to smoking 
[37].

It is known that Black patients have significantly higher 
risk of hypertension than other racial groups [8]. Cur-
rently, there is no clear physiological explanation. The 
disparities observed may be rooted in systemic issues, 
including barriers to healthcare access and social deter-
minants of health (SDoH), which could affect key aspects 
of hypertension management such as diet, stress manage-
ment, and medication practices. Furthermore, evidence 
suggests that the increased levels of uncontrolled blood 

pressure among Black and Hispanic individuals could 
be associated with factors like inconsistent insurance 
coverage and levels of education [11, 38]. Our research, 
along with other studies, suggests that these disparities in 
hypertension continue to exist even when socioeconomic 
differences are taken into account [6, 39].

We sought to understand whether there are discern-
ible differences in the predictive variables that lead to 
differences between Black and White patients and shed 
some light into the etiology of these differences. Table 6 
lists the top 20 predictive variables for each model 
(ranked by the absolute value of their corresponding LR 
coefficient). Other than age, cigarette use and depres-
sion, which are common, the model for Black patients 
emphasizes SDoH needs in transportation, food, and 
housing resources. Transportation needs may explain 
poorer control of hypertension as patients face barriers 
in physical access to care. Further, needing help to pay 
for food may correlate with consumption of low-cost, 
high-calorie, high-sodium fast food. Similarly, hous-
ing needs are a cause for stress and overall lower qual-
ity of life which may contribute to hypertension. Other 
neighborhood-level socioeconomic factors like annual 
household income and distance to BMC also play sig-
nificant roles in the Black patient predictive model, 
and they are negatively correlated with the outcome. In 
particular, 51.45% of Black patients have median house-
hold income less than the overall median value in the 
dataset. This percentage is significantly higher than the 
average low-income percentage of 40.21% computed 
over all patients in the dataset. This finding confirms 
previous research on the association between neigh-
borhood environment and hypertension [40]. Namely, 

Fig. 4 Relationship between false negative rate (FNR) and decision threshold in the models for Black and White patients

Table 5 LR prediction thresholds used to tune the validation 
FNR of the separate models (set to 25%). Validation model 
performance metrics after tuning the thresholds to equate FNR

Black patients White patients
Weighted F1 65.77% 60.91%

FPR 41.11% 47.20%

FPR/FNR 1.64 1.89

Setting FNR to 25%
Prediction Thresholds

White Patients 0.245

Black Patients 0.296
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living in an area of high resource deprivation is often 
linked to various deleterious factors such as limited 
access to medical institutions, decreased neighborhood 
safety, and lower education level. All of these factors 
can in turn exacerbate health disparities.

Considering the model for White patients, the top 
features contain marital status (divorced and sepa-
rated increase the likelihood of high SBP) and language. 
Arguably, the top predictive variables for Black patients 
correspond to structural social needs (food, transpor-
tation), whereas top predictive variables for White 
patients correspond to other types of demographic or 
personal issues.

Limitations
Our study has several limitations. First, it is based on 
patients who have clinical care records and present with 
elevated blood pressure, not all patients. Some patients 
may not have access to hospital-based medical care or 
simply may be unaware of their hypertension to seek 
help. Second, only records from BMC are included in the 
study. BMC is a tertiary care, academic, safety-net medi-
cal center in an urban area. Patients in rural areas with 
generally fewer medical resources may experience larger 

sociodemographic disparities. Third, median household 
incomes were estimated by patient ZIP code and do not 
fully account for individual factors.

Conclusion
This study developed an easy to implement, interpretable 
prognostic model for identifying patients with high SBP 
exceeding 160 mmHg among hypertensive or pre-hyper-
tensive patients. The derived models exhibit strong pre-
dictive power based solely on non-clinical variables. The 
top predictive features identified are age, cigarette use, 
race, mental health, and SDoH factors. We found implicit 
racial disparity in the non-stratified predictive model. 
Race-specific models were trained for Black and White 
patients to investigate what underlies this bias. While 
Black patients may have a greater prevalence of high 
blood pressure, their conditions were more significantly 
associated with structural SDoH variables correspond-
ing to food, transportation, housing, and lower house-
hold income. This finding may facilitate the targeted 
intervention on specific SDoH factors for Black patients 
in need. Addressing the most important social needs for 
Black and White patients alike may improve the overall 
quality of care for patients with hypertension. Moreover, 
to resolve the algorithmic bias and equate false positive 

Table 6 Top 20 features with largest absolute LR coefficients (Coef ) in the predictive models for Black and White patients, respectively

TOP 20 Predictive Variables for Black patients TOP 20 Predictive Variables for White patients

Variable Coef Variable Coef

1 Age 0.69 Age 0.56

2 Ever Cigarette User-YES 0.46 Ever Cigarette User-YES 0.41

3 Depression 0.10 Depression 0.11

4 Marital_status:other -0.07 Marital_status:other -0.08

5 Household_income -0.07 Language_English -0.06

6 SDoH_food 0.06 Language_Spanish 0.06

7 SDoH_transportation 0.06 Household_income -0.05

8 Language_English -0.05 Marital_status:divorced 0.05

9 SDoH_housing 0.03 Sex_M 0.04

10 SDoH_caring -0.03 Marital_status:married -0.04

11 SDoH_utilities 0.03 SDoH_job 0.03

12 Distance_to_BMC -0.03 Language_the Middle East 0.03

13 Language_Spanish -0.03 SDoH_food 0.03

14 Marital_status:married -0.02 Marital_status:separated 0.03

15 Passive_Cigarette_Exposure_YES 0.02 SDoH_housing 0.03

16 Sex_F -0.01 Language_European 0.02

17 SDoH_job 0.01 Sex_F -0.02

18 Marital_status:widow 0.01 SDoH_transportation 0.02

19 Marital_status:single -0.01 SDoH_utilities 0.02

20 Sex_M 0.01 Marital_status:widow 0.01
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and false negative predictions across racial groups, one 
needs to select different decision thresholds for Black and 
White patients.

Predictive analytics of the type we developed can be 
used in various ways: (1) understanding the risk profiles 
can lead to better clinical decision making and more 
effective risk communication with patients; (2) tailoring 
prescriptions based not only on a BP measurement dur-
ing a visit but also on the risk profile suggested by the 
model may lead to better hypertension control; (3) tar-
geted interventions in partnership with national, state, 
and neighborhood support programs may address SDoH 
which are modifiable, leading to better hypertension con-
trol and lower medical care costs.
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