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An ALCOA+-compliant15 analysis dataset linking 17 Johannesburg cohort studies (2003–2021) to high-resolution climate exposure and ward-level socioeconomic context.

17
cohort studies

11,114
clinical visits

9,756
unique patients

27
biomarkers · 8 systems

5
tidy long-format datasets

Background

Johannesburg holds 20+ years of clinical research — but every study uses its own IDs, units, files 

and dates, blocking climate-health analysis at scale.
 

We present an end-to-end pipeline that harmonizes 17 JHB cohort studies (from 20 candidates) 

into one analysis-ready dataset linked at every visit to high-resolution climate, ward-level 

socioeconomics and the JHB Heat Vulnerability Index — reproducible, auditable, climate-aware.

The Harmonization Funnel

Clinic Catchments

4 clinic catchments cover 14 of 17 studies  •  n = 9,756 patients  •  HIV trial • cardiometabolic • vaccine • behavioral • community

Harmonization Methods

ALCOA+ Data-Integrity Framework — 8 QA steps, 2-round audit log

Climate Linkage

Each visit linked spatiotemporally to 5 datasets · 59 engineered columns

Socioeconomic Linkage

K = 20 ward-based nearest-neighbour fusion from 6 GCRO Quality of Life waves 9–10

· donors within 10 km of clinic (Haversine, MDB Wards 2020)  ·  exact-match sex, ±5-yr age caliper

· distance-weighted draw w = 1/(d+1) • income = weighted median • seed = 42 (cross-seed deviation < 6 %)

IPCC HVI mapping: dwelling → Exposure  •  income → Sensitivity  •  education / employment → Adaptive Capacity  17–19

Hellinger H is the appropriate metric for probabilistic imputers (D'Orazio 2024; Conti et al. 2017); accuracy / kappa systematically underestimate quality because the 

imputer correctly samples from the conditional distribution rather than predicting the mode.

Methodology is portable — Abidjan extension in planning (8 PAC-CI studies, 76 000 records) · primary key (study_source, patient_id, visit_date) links all datasets.
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Scan for

code & data

Cardiovascular

systolic BP
diastolic BP · HR

Lipid

fasting glucose
HbA1c · insulin

Renal

systolic BP
diastolic BP · HR

Hepatic

ALT · AST

Metabolic

fasting glucose
HbA1c · insulin

Body comp.

ALT · AST

Inflammatory

hs-CRP
(ESR unavailable)

Immunological

CD4 · viral load
(CD8 unavailable)

STAGE 1

20 studies
14,071 
participants

585 files · 40,337 
columns
5 ID conventions · 19 
years

STAGE 2

17 studies
9,756 patients

ALCOA+ 
harmonization
8 quality-assurance 
(QA) steps

STAGE 3

11,114 visits
79 standardized 
cols

Climate (5 sources, 59 
cols)
Socioeconomic status 
(6 GCRO waves)

STAGE 4

5 tidy datasets
3.6 M total rows

Biomarkers, climate, 
SES, demographics, 
HVI — all open access

Pre-harmonization chaos  →  ALCOA+-compliant analysis dataset  →  reproducible long-format inputs

Copernicus / ECMWF
ERA5

Copernicus / ECMWF
ERA5-Land

NASA LP DAAC
MODIS MOD11A1

1 Same-day temperature
mean · max · min · diurnal range

2 Rolling-mean lags
1, 3, 7, 14, 30 d  (machine-learning inputs)

3 Variability
7-d / 30-d std · centered anomaly

4 Surface temperature
ERA5 land-surface T (LST) mean & max

5 Wind & thermal indices
Steadman apparent T (AT) · Rothfusz heat 
index (HI)

6 Humidity & wet-bulb globe T (WBGT)
Magnus · Stull wet-bulb · ISO 7243

7 90th-pctl heatwave
Perkins–Alexander 2013

8 Excess Heat Factor
Nairn–Fawcett 2015 (4-tier)

9 Seasonal context
departure · seasonal percentile

10 Distributed-lag non-linear model (DLNM)
lags 0–21 (Gasparrini 2011)

59 engineered climate columns per visit  ·  all peer-reviewed methods1–8,10  ·  auto-fallback for ERA5 corruption

TIDY_clinical_biomarkers

650 K rows
27 biomarkers

TIDY_climate_variables

2.8 M rows
59 climate cols

TIDY_demographics

36 K rows
age · sex · HIV · BMI

TIDY_socioeconomic

40 K rows
GCRO-imputed SES

TIDY_hvi

40 K rows
IPCC HVI / visit

CHBAH
7 studies

CMJAH
3 studies

Hillbrow
3 studies

Tembisa
1 study

Validation: distributional fidelity (Hellinger H, 20 cross-validation draws) — all SES proxies recover the population distribution within 
negligible-to-small distance.

JHB respondents Studies linked

n = 6,636 Wave I —

n = 11,827 Wave II ACTG_015 / 016 / 019

n = 22,100 Wave III Aurum_009 · DPHRU_013 · 
WRHI_001

n = 24,329 Wave IV SCHARP_004 · SCHARP_006

n = 7,869 Wave V DPHRU_053 · Ezin_002 · WRHI_003

n = 3,545 Wave VI EZIN_025 · VIDA_007 · VIDA_008

GCRO Quality of Life Survey wave year   (2009 → 2020)

Direct measurements (1–4) Derived indices (5–10)

HIV trial cohort Cardiometabolic Vaccine + behavioral Community / TB-HIV

CATCHMENT KEY

Chris Hani Baragwanath 
(CHBAH) — 7 studies
Charlotte Maxeke (CMJAH) — 
3
Hillbrow (3)

Tembisa (1)

10 km catchment radius around each 
site

OUTPUTS — 27 biomarkers across 8 organ systems  +  5 tidy long-format datasets released
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