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Abstract

Purpose: Fixed-threshold definitions of diuretic resistance may miss heterogeneous and time-varying
response patterns in ICU acute heart failure (AHF). We aimed to identify stable and interpretable
subtypes of early loop-diuretic response using a Mapper-based topological framework with external
validation.

Methods: In MIMIC-IV v3.1, we included adult ICU stays with an AHF diagnosis and first
intravenous loop diuretic within 24 h of ICU admission (¢g). to-anchored features captured furosemide-
equivalent exposure, cumulative urine output and diuretic efficiency index (DEI) over 2h/6h/12h,
and hemodynamic/renal context. Mapper graphs were built with two-stage parameter search and
evaluated by bootstrap co-membership Jaccard similarity (200 iterations; 80% resampling). Branch
labels were assessed for incremental prognostic value for in-hospital mortality using Cox and logis-
tic regression, and for AKI within 48h (KDIGO creatinine proxy) as a mechanistic endpoint. We
performed external validation in elCU-CRD v2.0 using a harmonized pipeline.

Results: The cohort comprised 2,373 ICU stays. The optimal Mapper yielded 58 nodes and 393
edges (coverage 1.000) with high stability (mean Jaccard 0.924 + 0.038; stability score 0.944). Four
major branches (A-D) showed marked mortality differences (log-rank p = 1.659 x 10719). After
adjustment, branches C and D had higher mortality risk than A and improved discrimination (AUC
0.712 to 0.737). AKI48h also differed across branches (p = 2.137 x 10~7). In eICU-CRD v2.0, the
external validation recapitulated a comparable topology and major-branch structure with a consistent
mortality-risk gradient (log-rank p = 5.441 x 1074).

Conclusion: tg-anchored Mapper subphenotyping provides a stable and interpretable representa-
tion of diuretic-response heterogeneity in ICU AHF with independent prognostic and mechanistic
relevance.
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MIMIC-IV
1 Introduction impaired organ perfusion. Intravenous loop diuret-
) ) o ) ) ics (e.g., furosemide) remain the cornerstone of
Acute heart failure (AHF) in critically ill patients early decongestion [1], but an impaired response—
is frequently accompanied by volume overload and often described clinically as diuretic resistance—is

common and associated with adverse outcomes [2].



Quantifying “response” by a fixed urine-output
threshold within a short time window (e.g., urine
output in the first 2h) can be misleading in
the ICU, where the observed urine output is
strongly influenced by time structure (delayed
response vs. true nonresponse), patient context
(renal function, hemodynamics, and congestion),
and measurement sparsity (missing records
and catheter irrigation artifacts). As a result,
threshold-based rules may under-recognize hetero-
geneous response phenotypes and fail to identify
high-risk subtypes that appear similar early but
diverge later.

Recent work has emphasized early quantita-
tive response metrics such as diuretic efficiency
and natriuresis/urinary sodium to guide decon-
gestion and timely escalation, including diuretic
potentiation and combination strategies [3-6].
However, ICU-specific response phenotypes can
remain difficult to capture because the exposure—
response relationship is time-varying and strongly
confounded by baseline renal function, hemody-
namics, and documentation patterns.

Unsupervised electronic health record pheno-
typing has been applied to characterize hetero-
geneity among cardiac intensive care unit patients
with heart failure [7], motivating methods that
are both robust and interpretable for bedside
translation.

Topological data analysis (TDA) provides a
global representation of complex data by focusing
on the shape of the data manifold. Mapper com-
presses high-dimensional phenotypes into a net-
work skeleton consisting of nodes (local clusters)
and edges (overlaps), facilitating visual explo-
ration and interpretable “branch annotation” by
projecting clinical features and outcomes onto net-
work structure [8-10]. Compared with black-box
risk models that output only a scalar score, Map-
per can yield an explicit response “spectrum” that
is easier to interpret clinically.

We therefore developed a standardized ICU
AHF workflow to characterize early loop-diuretic
exposure-response—context patterns and to iden-
tify stable subtypes using Mapper. We anchored
feature construction at the first intravenous loop-
diuretic dose time (tp), derived short-window
cumulative urine output and a diuretic efficiency
index (DEI), integrated hemodynamic and renal
context, and built Mapper graphs with parameter
search and bootstrap stability quantification. We

then examined whether Mapper-derived branches
provide independent and incremental prognos-
tic information for in-hospital mortality beyond
conventional covariates. To strengthen the mech-
anistic chain, we additionally assessed acute kid-
ney injury within 48h after tyusing a KDIGO
creatinine-based proxy, and we prespecified sensi-
tivity analyses to address DEI denominator arti-
facts and bias from highly missing monitoring
variables (central venous pressure, CVP).

2 Materials and methods

2.1 Data source

We wused the de-identified MIMIC-IV v3.1
database as the derivation cohort [11] and the
eICU Collaborative Research Database (eICU-
CRD) v2.0 as the external validation cohort [12,
13]. Both are publicly available via PhysioNet
to credentialed users who complete the required
training and data use agreements.

2.2 Study cohort

The wunit of analysis was the ICU stay
(icu.icustays). Inclusion criteria were: (1) age
> 18 years; (2) an ICD-9 diagnosis consistent
with acute heart failure; and (3) at least one
eligible intravenous loop-diuretic administration
within 24h of ICU admission. The first eligible
administration time was defined as the treat-
ment anchor t5. We excluded patients with ICD-9
evidence of end-stage kidney disease or dialysis
(ESRD/dialysis) and those with sepsis.

To reduce manual hard-coding, we gen-
erated the ICD-9 code set by keyword
matching  against  diagnosis  descriptions
(hosp.d_icd_diagnoses.long title) and used
the resulting code list for cohort construction.

2.3 External validation cohort and
analysis framework (eICU-CRD
v2.0)

We performed external validation using the elCU-
CRD v2.0 cohort by aligning the phenotyp-
ing pipeline with the main MIMIC-IV analysis,
including tp-anchored feature extraction, harmo-
nized feature definitions, Mapper modeling, and



the same outcome-analysis framework (Supple-
mentary Material). Because precise event times-
tamps were not uniformly available in elCU-CRD,
time-to-event analyses used length of stay as a
proxy time scale.

2.4 tganchor and time windows

ICU admission time was intime. The diuretic
anchor tgwas defined as the first qualifying intra-
venous loop-diuretic administration within 24 h
of intime. With respect to tg, we defined urine-
output response windows of 0-2h, 0—-6h, and
0-12h; a vital-sign baseline window of t;—6h
to tp+2h; and a laboratory baseline window of
to—24h to to+6h.

2.5 Variables and preprocessing

Unless otherwise specified, detailed variable/item
definitions, code lists, and additional implemen-
tation details are provided in the Supplementary
Material.

2.5.1 Exposure: intravenous
loop-diuretic dose

We extracted intravenous loop-diuretic admin-
istrations from icu.inputevents, including
furosemide  (itemid 221794, 228340) and
bumetanide (itemid 229639). We kept records
with amountuom=mg and excluded implausi-
ble entries (amount< 0 or > 5000). Doses
were converted to furosemide equivalents
(furosemide x1; bumetanide x40). We con-
structed: first_dose_furosemide_eq mg,
furosemide_eq_total_24h mg,
diuretic_events_n 24h, and
minutes_icu_to_first_diuretic.

2.5.2 Response: cumulative urine
output and DEI after tq

We extracted urine-output records from
icu.outputevents, restricted to valueuom=mL
and 0 < value < 5000. Mixed “urine/irrigation
output” items (226566, 227489) and pure
urine-output items were treated as positive; gen-
itourinary irrigation input (227488) was treated
as negative to compute net urine output. We
computed cumulative net urine output for 0-2h,
0-6h, and 0-12h, and truncated the cumulative

Table 1: Missingness of key variables (n = 2373).

Variable Missing (n)  Missing (%)

Urine output missing (12h) 23 0.97
DEI missing (6h) 23 0.97
MAP nearest value missing 15 0.63
Baseline creatinine missing 130 5.48
CVP nearest value missing 1,914 80.66
Baseline NT-proBNP missing 2,081 87.69

value at 0 to avoid non-physiologic negative urine
output:

UOopr = max( Z adjusted_urine(t), O),
te[0,T)
T € {2h, 6h, 12h}.

The diuretic efficiency index (DEI) was defined as
urine output per dose (mL/mg). We retained both
an observed version (preserving missingness) and
a zero-filled version for sensitivity analyses that
probe the assumption “not recorded implies no
measured output”.

2.5.3 Hemodynamics and laboratory
baselines

Mean arterial pressure (MAP) was extracted
from invasive/non-invasive MAP (itemid 220052,
220181), restricted to 20 mmHg—200 mmHg. CVP
(itemid 220074) was restricted to —5mmHg-
35mmHg. Within the tg—6h to ty+2h window,
we extracted the nearest value to tpand the
window median. Laboratory values (creatinine,
blood urea nitrogen (BUN), sodium, NT-proBNP)
were extracted as the nearest measurement within
to—24h to to+6 h, with physiologic-range filters.

2.5.4 Mapper feature set and scaling

We used 16 features for Mapper (urine out-
put/DEI, dose, time-to-dose, MAP, CVP, creati-
nine, BUN, sodium, age, and a CVP-missingness
indicator). For right-skewed non-negative vari-
ables (dose, urine output, DEI, time-to-dose,
BUN), we applied a log(1+z) transformation, fol-
lowed by robust scaling (RobustScaler). To avoid
selection bias due to missingness, we imputed
numeric missing values in the Mapper feature
matrix using multiple imputation by chained



equations (MICE; m = 20, max_iter=20) [14].
In contrast, the downstream Cox/logistic models
used median imputation for the core covariates
(age, baseline creatinine, MAP, and 24h total
dose) to keep models parsimonious.

2.6 Mapper modeling, parameter
selection, and stability

2.6.1 Mapper construction

We used the Giotto-TDA implementation of
Mapper. Candidate lenses (filters) were: two-
dimensional PCA (pca2d), a two-dimensional
projection of DEI6h and baseline creatinine
(dei_creatinine 2d), and DEI6h with CVP
(dei_cvp-2d). We used CubicalCover for the
cover and DBSCAN for local clustering [15].
Parameter selection wused two stages: a
coarse grid search (n_intervals € {10,12,14},
overlap_frac €  {0.25,0.35,0.45}, & €
{0.8,1.0,1.2}, and min_samplese {5,8}; 162 com-
binations), followed by local refinement around
high-scoring regions with denser candidate values.

2.6.2 Stability evaluation and final
selection

We first screened candidates using structural
quality diagnostics (coverage, node-size behavior,
and connectivity/branching), and then quantified
stability via bootstrapping: 200 iterations with
80% resampling without replacement. For each
bootstrap graph, we compared patient-pair co-
membership relations with the full-sample graph
and computed the Jaccard similarity. We com-
bined the mean Jaccard with penalties for variabil-
ity in node counts/structure to obtain a stability
score and selected the parameter set optimizing
stability and structural quality (Table 2).

2.7 Branch definition and clinical
annotation

We aggregated node-level communities and
labeled major branches (> 20 stays) as A-D;
sparse small branches were retained but grouped
as Minor in summaries. Branch annotation used
medians/proportions of key features and out-
comes (e.g., DEI, creatinine, sodium, CVP, and
in-hospital mortality).

Table 2: Optimal Mapper parameters and
graph statistics (full cohort).

Metric Value
Lens pca2d
n_intervals 8
overlap_frac 0.55
DBSCAN ¢ 0.7
DBSCAN min_samples 8
Nodes / edges 58 / 393
Coverage 1.000
Largest connected component ratio 1.000
Number of connected components 1
Modularity 0.399
Bootstrap Jaccard (mean+SD) 0.924 £+ 0.038
Stability score 0.944
Final score 0.859

2.8 Outcomes and statistical
analysis

2.8.1 Primary outcome: in-hospital
mortality

The primary outcome was in-hospital mortal-
ity (hospital_expire_flag). Time-to-event was
measured from f¢pto death time (deathtime) or
discharge (dischtime). We constructed Kaplan—
Meier curves and compared branches using the
multi-group log-rank test. Multivariable Cox
regression and logistic regression evaluated the
independent prognostic value of branches, adjust-
ing for age, sex, baseline creatinine, nearest
MAP, and 24h total furosemide-equivalent dose
(log-dose24). Incremental value was assessed
via likelihood-ratio tests and changes in C-
index/AUC.

2.8.2 Secondary outcome: AKI within
48h (KDIGO creatinine proxy)

To strengthen the mechanistic chain (diuretic
response — kidney injury — prognosis), we
defined AKI within 48h after tpusing a KDIGO
creatinine-based proxy [16]. Baseline creatinine
was the nearest measurement within tg—24h to
to+6 h. Follow-up creatinine was the maximum
value within tgto to+48 h. AKI48h was defined as
either ACr > 0.3mg/dL or Crygpmax > 1.5 X
Crpgseline- Stage 2+ (severe AKI) was defined
as Craghmax = 2.0 X Crpgsciine. Because urine-

output response was part of the feature set, we did



not include the KDIGO urine-output criterion to
avoid outcome—feature overlap.

2.8.3 Sensitivity analyses: DEI
denominator artifacts and high
CVP missingness

We prespecified sensitivity analyses to address (i)
denominator artifacts in DEI driven by extremely
small recorded doses, and (ii) structural bias
introduced by highly missing monitoring vari-
ables (CVP/NT-proBNP). DEI robustness sce-
narios included a dose floor (10mg), excluding
stays with first dose < 5mg, and replacing the
first-dose denominator with the 24h total dose.
We also repeated Mapper construction with CVP
fully removed (and no missingness indicator) ver-
sus retained with a missingness indicator, and
we compared observed versus zero-filled response
variables.

3 Results

3.1 Cohort characteristics and
missingness

We included 2,373 ICU stays (Table 3). Miss-
ingness of urine-output/DEI features and MAP
was below 1%, suggesting relatively complete
short-window urine-output recording around tpin
ICU. Baseline creatinine had 5.48% missingness.
In contrast, CVP and NT-proBNP were highly
sparse (80.66% and 87.69% missing), motivat-
ing explicit missingness handling and sensitivity
analyses (Table 1).

3.2 Mapper graph and major
branches

The optimal Mapper graph is shown in Figure 1.
The graph achieved full coverage (1.000), con-
tained 58 nodes and 393 edges, and formed a
single connected component (largest-component
ratio 1.000) with modularity 0.399. Bootstrap
co-membership analysis yielded a mean Jaccard
similarity of 0.924 + 0.038 and a stability score of
0.944, indicating a robust network skeleton.
Branch summaries are shown in Table 4.
Branch A was the largest (n = 1747) and exhib-
ited higher DEI and lower kidney-injury burden,
consistent with a more typical “responsive” spec-
trum. Branch B (n = 461) showed intermediate

DEI but substantially higher 24 h dose, suggesting
a transition state with dose escalation and hetero-
geneous response. Branch C (n = 105) had very
low DEI with higher creatinine/BUN and one of
the highest mortality rates, consistent with severe
cardiorenal syndrome/true resistance. Branch D
(n = 60) had DEI-6h median of 0 and enrichment
of a primary nonresponse pattern, suggesting an
early nonresponse or delayed-response pathway.

3.3 Outcome associations:
unadjusted and adjusted
evidence

Kaplan—-Meier curves and the log-rank test showed
significant survival heterogeneity across branches
(Figure 2; p = 1.659x 10719). After adjustment for
age, sex, baseline creatinine, MAP, and 24 h total
dose, adding branch labels significantly improved
the Cox model fit (LRT p = 2.362x 10~%) and dis-
crimination (C-index 0.716 to 0.756). Compared
with branch A, branches C and D had substan-
tially higher mortality risk (HR 2.27 and 4.27),
whereas branch B had an adjusted HR of 0.79 (not
statistically significant).

Logistic regression for in-hospital mortality
yielded concordant findings: adding branches
improved model fit (LRT p = 1.488 x 10~7) and
AUC (0.712 t0 0.737; gain 0.0247). Compared with
branch A, adjusted ORs for branches C and D
were 2.61 and 4.83, respectively.

3.4 Mechanistic endpoint: AKI
within 48 h

Among the 2,373 stays, creatinine follow-up
within 48 h after {owas available for 2,363 (99.6%).
AKI48h differed significantly across branches (x?
test p = 2.137 x 1077): A 22.5% (391/1739), B
21.3% (98/461), C 45.7% (48/105), and D 32.8%
(19/58) (Table 5). After adjustment for age, sex,
baseline creatinine, MAP, and 24h total dose,
adding branches still improved the AKI48h logis-
tic model (LRT p = 4.522 x 10~%; AUC 0.601 to
0.612; gain 0.0114). Branch B had a lower adjusted
odds of AKI48h compared with A (OR 0.525, 95%
CI 0.379-0.726; p = 9.924 x 107°).



Table 3: Cohort construction flow and sample sizes (MIMIC-TIV v3.1).

Step ICU stays (n_stays) Subjects (n_subjects) Admissions (n-hadm)
All ICU stays 94,458 65,366 85,242
Adult ICU stays (> 18 years) 94,458 65,366 85,242
AHF ICD-9 ICU stays 5,899 4,150 5,080
AHF + IV loop diuretic within 24 h 2,825 2,233 2,645
After excluding ESRD/dialysis 2,695 2,140 2,523
After excluding sepsis (final) 2,373 1,889 2,223
Note: the ICU stay was the primary analysis unit; n_subjects and n-hadm are auxiliary counts.
Mapper Topology of ICU Acute Heart Failure Diuretic Response (MIMIC-IV Primary Cohort)
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Fig. 1: Mapper graph and branch annotation (A-D). Panel A: discrete communities and major-branch
labels; Panel B: node median DEI at 6 h (continuous scale); Panel C: node in-hospital mortality (contin-

uous scale).

3.5 Sensitivity analyses: DEI
denominator robustness and
CVP inclusion

To mitigate denominator artifacts yielding
implausibly high DEI, we quality-checked
first-dose recordings: 48 stays had first furosemide-
equivalent dose < 5mg and 83 had < 10mg.
Under the original definition, DEI-6h had an
extreme heavy tail (P99 258.99; max 27,600.00).
Using a dose floor of 10mg, excluding first
dose < bmg, or using the 24h total dose as
the denominator substantially reduced extremes
(max 307.50 or 221.00; Table 6).

Given high CVP missingness (~80.7%), we
repeated graph construction under two settings:
complete removal of CVP versus retaining CVP
with a missingness indicator. All five prespecified
scenarios completed successfully, with best stabil-
ity scores between 0.854 and 0.902 and 4-5 major
branches, suggesting the core graph skeleton and

risk gradient were not driven by extreme DEI
values or the inclusion of CVP.

3.6 Dynamic response patterns:
primary nonresponse and
tachyphylaxis

Using piecewise DEI trajectories over 0-2h, 2h-
6h, and 6h—12h, we defined dynamic response
patterns including primary nonresponse and
tachyphylaxis (rapid attenuation). The distribu-
tion of primary nonresponse differed strikingly
across branches (x? test p = 1.186 x 1071%%) with
branch-level proportions of 0.232, 0.534, 1.000,
and 1.000 for A/B/C/D. Tachyphylaxis also dif-
fered across branches (p = 8.981 x 107®). Branch-
level cumulative urine output and DEI trajectories
are summarized in Figure 4.



Table 4: Major branches (A-D): sample size, response, and outcomes (anchored at tg).

Branch n  In-hospital mortality ~DEI-6h (median) Total dose in 24h (median) MAP (median) Creatinine (median
A 1747 7.0% 29.50 40.0 76.0 1.2(
B 461 8.9% 12.21 231.7 77.0 2.0(
C 105 29.5% 2.08 280.0 69.0 3.0(
D 60 28.3% 0.00 75.0 73.0 2.0(

Note: DEI is measured in mL/mg; total 24 h dose is the furosemide-equivalent dose (mg). Sensitivity analyses for DEI denominator robustness and CV
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3.7 External validation in
eICU-CRD

In eICU-CRD v2.0, 4,438 ICU stays met the
aligned eligibility criteria. Mapper recapitulated a
comparable topology with 44 nodes and 207 edges
(coverage 1.000) and high stability (mean Jaccard
0.965+0.034; stability score 0.959), yielding three
major branches. The major-branch structure and
the response-risk gradient were consistent: the
higher-DEI branch showed lower in-hospital mor-
tality than the low-DEI branch (7.4% vs 11.4%),
and mortality differed across branches (log-rank
p = 5.441 x 10~%). Although effect sizes differed

and time-to-event analyses used length of stay as
a proxy time scale because precise event times-
tamps were not uniformly available in elCU-CRD,
branch labels still provided incremental prognostic
information beyond standard covariates (Cox LRT
p = 1.617 x 10~2; logistic LRT p = 1.235 x 1073;
AUC gain 0.0091). AKI48h also differed across
branches (chi-square p = 1.174x107%), supporting
cross-dataset consistency of the main conclusion.
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Fig. 3: Forest plot of branch effects in the multivariable Cox model adjusted for age, sex, creatinine,

MAP, and 24 h dose.

Table 5: Incidence of AKI within 48h after ¢o(KDIGO creatinine proxy) by branch.

Branch Follow-up n AKI48h n (%) Stage 2+ n (%) Notes
A 1739 391 (22.5) 27 (1.6) Reference
B 461 98 (21.3) 3 (0.7)
C 105 48 (45.7) (1.0)
D 58 19 (32.8) 1 (1.7)

Note: follow-up n denotes stays with at least one creatinine measurement between tpand
to+48 h. Percentages use follow-up n as the denominator. Stage 2+ is defined as maximum

follow-up creatinine > 2.0x baseline.

4 Discussion

4.1 Key findings and clinical
implications

Anchoring feature extraction at the first ICU loop-
diuretic dose (tg), we constructed short-window
urine-output and DEI dynamics and built an
interpretable Mapper graph. We observed: (1)
a robust graph skeleton with full coverage and
high bootstrap stability; (2) a clear “response—
renal function—outcome” gradient across major

branches; (3) independent and incremental prog-
nostic value of Mapper branches for in-hospital
mortality beyond conventional covariates; and (4)
pronounced heterogeneity of dynamic response
patterns (primary nonresponse and tachyphy-
laxis) across branches, providing a structured
complement to threshold-based definitions of
diuretic resistance.

Beyond mortality, branches were also associ-
ated with AKI48h and provided incremental infor-
mation after adjustment, suggesting that Map-
per branches capture a high-dimensional joint
structure of exposure, response, and physiologic



Table 6: Sensitivity analyses across DEI denominator robustification and CVP inclusion (Phase 4).

Scenario n  CVP in Mapper DEI denominator DEI-6h P99 DEI-6h max
S0 Original (raw + CVP) 2373 Yes Raw (first dose) 258.99 27600.00
S1 Floor10 + no CVP 2373 No Dose floor 10 mg 149.42 307.50
S2 Floorl0 + exclude < 5mg + no CVP 2325 No Floorl0 + exclude < 5mg 145.38 307.50
S3 Floor10 + total24h + no CVP 2373 No 24h total-dose denominator 110.64 221.00
S4 Floorl0 + CVP 2373 Yes Dose floor 10mg 149.42 307.50

Note: stability scores are from the best-performing network under each scenario (zero-filled mode). The number of major branches varied between 4 and
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Fig. 4: Dynamic response trajectories for branches A-D (mean and confidence intervals).

context rather than a single baseline creatinine
value or a single urine-output threshold. This is
consistent with recent EHR-based work suggest-
ing that kidney-injury risk is heterogeneous and
can be partitioned into clinically meaningful sub-
phenotypes even within mild (stage-1) AKI [17].
Importantly, robustness checks across DEI denom-
inator definitions and CVP inclusion/exclusion
supported that the core skeleton and risk gradi-
ent were not artifacts of extreme DEI values or
reliance on a highly missing monitoring variable.

From a clinical-interpretation perspective,
branch C combined low DEI, higher dose expo-
sure, higher baseline creatinine/BUN, and the
highest mortality—a pattern consistent with
severe cardiorenal syndrome and “true” resistance
that may warrant early escalation and diuretic
potentiation strategies [5, 6, 18, 19]. Branch D
showed near-zero early DEI and enrichment of pri-
mary nonresponse, yet baseline kidney function
and dose exposure were not uniformly worst, sug-
gesting a mixed pathway that may include delayed

responders, documentation sparsity, or unmea-
sured treatment differences. Branch B appeared
to represent a dose-escalation transition zone with
intermediate efficiency but high 24h dose and
higher renal burden. Recent comparative work
on diuretic regimens underscores that apparent
“efficacy” can vary across congestion states and
patient contexts [20]. Smaller branches (C and D)
require validation in larger multi-center cohorts
to assess transportability and mechanistic inter-
pretability.

In addition to urine output, urinary sodium
has been proposed as an early objective signal of
diuretic response in AHF and a potential trigger
for escalation; its relationship with renal function
and its real-world uptake remain active areas of
investigation [4, 21, 22].



4.2 Methodological considerations:
transparency and robustness

We emphasize a transparent end-to-end work-
flow: code-based extraction and variable construc-
tion; explicit tg-anchored time windows; two-
stage parameter search with bootstrap stabil-
ity quantification; branch annotation and lay-
ered outcome modeling (unadjusted, adjusted,
and incremental value); and prespecified sensitiv-
ity analyses addressing denominator artifacts and
high-missingness monitoring variables, comple-
mented by a mechanistic kidney-injury endpoint
(AKI48h). This design aimed to reduce the influ-
ence of parameter tuning, missingness structure,
and recording artifacts on the derived topological
skeleton and the main conclusions.

More broadly, recent EHR subphenotyping
work has highlighted the importance of stability
and transportability when cluster structures are
derived from high-dimensional clinical trajectories
[23-25]. Our bootstrap co-membership evalua-
tion was intended to make the derived topology
more reproducible and easier to validate in future
multi-center cohorts.

4.3 Limitations and future work

Several limitations warrant consideration. First,
loop-diuretic dosing and DEI remain subject to
residual uncertainty: although robustness checks
supported structural stability, first-dose record-
ings may not fully represent true early exposure
under continuous infusions or fragmented docu-
mentation; future work should integrate short-
window cumulative dosing (e.g., 0-2h and 0-6h)
and infusion-rate information to better approx-
imate pharmacologic exposure. Second, AKI48h
used a creatinine proxy and did not use the
KDIGO urine-output criterion to avoid overlap
with response features, which may underestimate
AKI incidence and severity; future work should
explore outcome definitions that remain disentan-
gled from the response features (or incorporate
RRT/CRRT and net fluid balance). Third, highly
missing monitoring variables (CVP/NT-proBNP)
can introduce explainability bias because “being
measured” may itself reflect severity and mon-
itoring strategy; richer intervention and moni-
toring covariates are needed. Fourth, an ICD-
9-based AHF definition limits generalizability
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across centers and coding practices; more trans-
ferable phenotype definitions should be explored.
Finally, residual confounding remains possible;
future analyses should incorporate broader con-
founder control (comorbidities, vasoactive drugs,
ventilation, baseline fluid balance, RRT) and
robustness checks (propensity methods, alterna-
tive endpoints, and time-varying covariates).

5 Conclusion

A tp-anchored framework combining dynamic
urine-output response features with an inter-
pretable Mapper topology can identify stable
diuretic-response subtypes in ICU patients with
AHF. These topological branches provide inde-
pendent and incremental prognostic information
for in-hospital mortality and are associated with
early kidney injury (AKI48h), offering a data-
driven path from threshold-based “resistance”
toward structured response-spectrum phenotyp-
ing.

Supplementary information. Supplementary
material is available and provides detailed variable
definitions, parameter-search results, and addi-
tional robustness analyses.
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