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enabling us to identify clusters of co-occurring terms. We applied the topic model to
177,795 lung pathology records and employed a model perplexity minimization
strategy to determine that the clinical feature space is optimally decomposed into
sixty topics (Extended Data Fig. 3a). A t- SNE visualization of clinical feature
distributions in topics demonstrates the topic model’s ability to segregate associated
features into clusters (Fig. 3c,d). In turn, this also enables us to stratify individual
pathology records by topic (Fig. 3e). Importantly, the topic model appears to identify
collections of features with closely associated age and mortality (Fig. 3f,g; Extended
Data Fig. 3b,c) suggesting that these semantic structures could describe clinically
relevant themes. Importantly, stratified patient records also appear to have closely
associated age at examination (Fig. 3h) further strengthening the notion that the

topics we identified may characterize cohorts of similar individuals.

Predicative power of topics is stronger than individual features

To assess the predicative power of collections of associated terms, we performed
linear regression on the age and predicted age of records closely associated with
each topic (Fig. 3i; Extended Data Fig. 3d). Furthermore, we performed feature
importance on the collected terms that make up each topic (Fig. 3j; Extended Data
Fig. 3e). Notably, the maximum importance of collections of terms (AR?<0.039) to
age prediction is approximately 2-fold greater than that of the maximum importance

of an individual feature (AR?<0.021).

We then identified topics with changes in the age-prediction regression slope as
topics where aging elicits alterations in the age-effect (Fig. 3k; Extended Data Fig.

3f). Among the topics (Supplementary Table 2 for full list) we identified clinical
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themes consisting of terms broadly describing cases of lung pathologies. One topic
appeared to be associated with Human Immunodeficiency Virus (HIV) (terms such
as ‘fungi’, ‘pneumocystis’, ‘carinii’, ‘pneumocystis carinii’, ‘alveolar’, ‘inflammation’
and fibrosis’) (Extended Data Fig. 3g) and another with obstetric gynecologic
pulmonary complications (OGPC) (terms such as ‘development’, ‘intrauterine’,
‘placenta’ and ‘malformations’) (Fig. 3l). Interestingly, a topic appeared to describe
pulmonary aging (PA) with terms such as ‘interstitial’, ‘fibrosis’, ‘non-specific’,
‘pneumonia’, ‘interstitial fibrosis’, ‘pneumonitis’ and ‘fibroelastosis’ (Fig. 3m). Further
illustrating the relationship between the age and predicted age of records are kernel
density estimation plots corresponding to each of the topic-specific regressions (Fig.
3n; Extended Data Fig. 3h). Notably, the pulmonary aging topic regression shows
strong age dependency. In sum, our approach effectively leads us to identify an

associated collection of aging modifiers.

Cross-validation with PubMed identifies age-modifying drugs

Since we had identified terms in the pathology register that are age-associated we
could identify any other terms (terms, genes, drugs etc.) in other text-based
databases (e.g. PubMed, OMIM.org etc.) that co-occur with these age-associated
pathology terms. We decided to investigate molecules that are co-mentioned in
PubMed abstracts with clinical terms from our identified lung-aging topic (Fig. 4a).
Approximately 35 million molecules in the PubChem library were mined in over 31.8
million PubMed abstracts and assigned a proximity score (Fig. 4b). Among the terms
scoring highest we identified nintedanib, a tyrosine kinase inhibitor, as a potential

pharmacological intervention in aging. Nintedanib is an anti-fibrotic drug used in the
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Fig. 4 | Nintedanib reduces cellular senescence and extends the lifespan of fruit flies. a, Lung aging terms from pathology register combined with molecules in
PubMed abstracts. b, Proximity scoring of candidate compounds. ¢, Predicted probability of senescence IR and non-IR plates (n=3, mean mean + SEM). d, Percentage
of IR exposed cells predicted to be senescent above 0.5 threshold (n=3, mean mean + SEM). e, Relative cell count (normalized to no drug treatment control) in both
ionizing radiation (IR) and non-IR plates (n=3, mean mean + SEM). f, RNA seq volcano plots of respective enrichment analyses (n=3). g, Venn diagram showing
common significantly enriched pathways (GSEA) at FDR<0.05 confidence between each case and the respective control DMSO. h, EnrichmentMap showing clusters of
significantly enriched pathways (GSEA). i, Drosophila melanogaster survival curves (n=90).
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194  treatment of idiopathic pulmonary fibrosis'?. Alongside nintedanib we tested axitinib,

195  another tyrosine kinase inhibitor with potential anti-fibrotic effects’3.

196 Nintedanib reduces cellular senescence and extends the

197 lifespan of fruit flies

198  To explore whether nintedanib could impact aging we tested the effect of the drug on
199  cellular senescence, a cellular model of aging that has been implicated in lung

200 fibrosis'™. We induced senescence in human dermal fibroblasts by ionizing radiation
201  (IR) exposure and used our recently published senescence predictor'® to explore the
202  effect on the cells. Interestingly, 10 uM dose of nintedanib reduced predicted

203  senescence in IR induced senescent fibroblasts (Fig. 4c,d). However, we also

204  observed a cytotoxic effect with a 10 uM dose of nintedanib in both IR and non-IR
205 exposed cells manifested in a significant decrease in the relative cell count (Fig. 4e).
206

207  To further understand the effect of nintedanib on senescent cells, we explored

208 changes in global gene expression through RNA-seq (Fig. 4f). Since nintedanib and
209 axinitinb share common targets'®, we isolated pathways (Fig. 4g) which were

210  changed only in senescent cells treated with nintedanib. Notably, nintedanib

211  downregulated (Fig. 4h) collagen metabolic processes and wound healing gene

212  pathways which have both been implicated in lung fibrosis and aging'”-'é.

213

214  To explore whether nintedanib could impact aging in vivo we investigated the effect
215  of the drug on the life- and health span of the common aging model organism

216  Drosophila melanogaster, specifically the wild-type w’?78 fly. We observed a

217  significant increase in the maximum lifespan of fruit flies fed a diet containing 100 yM

13


https://doi.org/10.1101/2023.02.27.530179

218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

233

234

235

236

237

238

239

240

241

bioRxiv preprint doi: https://doi.org/10.1101/2023.02.27.530179; this version posted February 27, 2023. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

dose of nintedanib compared to dimethyl sulfoxide (DMSO) vehicle (Fig. 4i). Notably,
the increase in lifespan is observed in late life. In total, the human pathome allowed

us to identify a drug that may affect the aging process.

Discussion

In this paper we present the human aging pathome (pathoage.com), a compendium
of tissue-specific age- and mortality-associated clinical features extracted from the
clinical text narratives in The Danish Pathology Register. Our investigation shows
strong age-related variance along two trajectories fitting with the ages of
development'® and with pathological aging®. Strikingly, we observed sex-specific
differences in the onset and rate of aging related changes. In males, we observed an
onset of aging related changes around forty years of age, while in females, we
observe that aging trajectories occur almost immediately after development. This
could be considered as evidence towards the hypothesis that aging can be a
selected trait in evolution since it occurs in women prior to peak fertility. Although
speculative, these findings could also suggest that evolution may have allowed
successful males to age later perhaps allowing greater reproduction. It is notable,
that patterns of aging in males occur around the time of mean life-expectancy of

ancient man?°,

We assessed whether age could be predicted from clinical text features in lung
records and found relatively poor predictive power considering individual features.
This is not entirely surprising given the abstract nature of language. Nonetheless,
even relatively poor predictive power can reveal useful patterns with the terms

‘carcinoma’?' and ‘sarcoidosis’?? ranked among the most important to prediction

14
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accuracy. To improve accuracy, we investigated whether a collection of associated
terms (topics) could contribute to greater predictive power. Indeed, the predicative
power of the topics was approximately 2-fold greater than that of any individual term
and pathology records closely associated with the lung aging topic showed strong

predicative power.

As an example of the utility of the Pathome, we mined PubMed abstracts for
molecules that occur frequently together with aging lung terms from the pathology
register and identified nintedanib as a potential drug affecting aging. Our
investigation of global gene changes shows that nintedanib down-regulates collagen
metabolism and wound healing pathways in senescent human dermal fibroblasts.
This is compatible with evidence that idiopathic pulmonary fibrosis is characterized
by the accumulation of collagen'® and an altered wound healing in response to
persistent lung injury?3. It is important to highlight that the method used to identify
nintedanib can be used to identify any term associated with aging such as the
discovery of new genetic components of aging. The method can also be applied to
identify concepts associated with any pathology described in the database. For
instance, drugs that may impact liver fibrosis, neurodegeneration or any other

defined pathology can be explored.

In sum, our investigation revealed population-level patterns of aging that are
connected with developmental and pathological aging. This allows us to identify
modifiers of aging that can be translated into new aging interventions. Lastly, we
present The Human Pathome, a unique compendium of thousands of tissue-specific

aging and mortality associated features.
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Methods

Danish dictionary of clinical terms

To help identify clinical features in the pathology register we constructed a dictionary
of clinical terms in Danish from the patoSnoMed ontology (www.patobank/snomed)
and the Danish version of the Systematized Nomenclature of Medicine — Clinical

Terms (SNOMED CT)?* ontology (https://sundhedsdatastyrelsen.dk/snomedct).

Terms found in these ontologies may consist of several words (ex. ‘severe
inflammation’). In addition to using such multi-word terms, we added individual words

from multi word terms to our dictionary (ex. ‘severe’ and ‘inflammation’.)

Clinical term extraction

We identified a total of 2,665,283 unique terms, 178,226 unigrams (one word) and
2,487,957 bigrams (two consecutive words) in 32,961,459 pathology text records in
The Danish National Pathology Register. This yielded a binary matrix of 32,961,459
samples and 2,665,283 features. We filtered this initial dataset keeping only terms
that exist in our dictionary of Danish clinical terms, reducing the size of the dataset to
20,316,270 records and 16,237 terms. We kept terms that appeared at least 50
times in the entire pathology register, and records with 5 or more features present.
We then created individual datasets for tissue specific records. We identified records
associated with specific tissues using a topology (T) code assigned to each record in
the register. For example, to construct a dataset of skeletal system tissues (T10000)
we collected all tissues assigned with a topology code that begins with “T1’ thereby
also including bone tissue (T11000). We applied the same filtering strategy used in

the entire dataset to tissue specific datasets. We extracted 242,284 records and
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4,684 terms for skeletal tissue (T10000), 177,795 records and 4,275 terms for lung
(T28000) and 156,057 records and 4,048 terms for liver (T56000) among other

tissues.

Term normalization

We normalized the clinical term matrix to a term frequency—inverse document
frequency (tf-idf) representation. The tf-idf representation for a term t in a document
d in a document set consisting of n documents is tf-idf(t,d)=tf(t,d)*idf(t), tf(t,d) being
the frequency of a term t in document d, and and idf being idf(t)=log[n/df(t)]+1 (df(t) is
the frequency of term t in all documents in the document set). To identify the average
term frequency within each age-group we calculated the mean value of all record
vectors within each age group. This yielded one term vector per age group. We
calculated the mean incidence age of clinical terms in the entire register and in each

of the tissue specific datasets.

Topic modeling with Latent Dirichlet allocation (LDA)

We used the scikit-learn implementation of Latent Dirichlet allocation (LDA)® to
identify latent semantic structures in the entire corpus of records within tissue
specific datasets. We ran LDA using the batch variational Bayes method. To
determine the optimal number of topics yielding the best fit for the model we
employed a perplexity minimization approach?® by repeatedly fitting an LDA model to
our dataset and varying the number of topics (2-140). We then identified the number
of topics associated with the smallest perplexity score to be optimal. The topic model

yields topic word distributions signifying the number of times each word is assigned

17
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313  to a topic. Similarly, the topic model also yields document topic distribution signifying

314  the degree to which a topic is associated with a document.

315 Age-prediction from clinical features

316 We used a deep neural network (DNN) multi-layer perceptron (MLP) regression to
317  predict age from clinical text features in the one-hot representation of the clinical

318  term matrix. We then calculated the model coefficient of determination score (R?)
319 and the median absolute error (MAE) for each model. We used ordinary least

320 squares (OLS) linear regression to regress the predicted age and chronological age
321 of records and calculated topic specific regression slopes. We used the scikit-learn
322 permutation_importance function to inspect our DNN age-prediction model to assess
323  the impact of individual features on the model's accuracy measured by the model’s

324  coefficient of determination score (R?).

325 Permutation topic importance

326 To assess the impact of a collection of associated terms (topic) on the model’s age-
327  prediction accuracy we shuffled the collected term vectors within a topic and
328 calculated the change in the model coefficient of determination score (R?). Topics

329 associated with a greater change are deemed more important to age-prediction.

330 Dimensionality reduction

331  We used the scikit-learn implementation of PCA and t-SNE. We applied PCA and t-
332  SNE to age-aggregated tf-idf term matrices. We used the python umap-learn

333  package implementation of UMAP on tf-idf term matrices.

18
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Term enrichment in tissue and morphology-specific records

Term enrichment in tissue or morphology specific records is calculated as
log((B+1)/(A-B+1)) where B is the frequency of a term in tissue or morphology

specific records and A is the frequency a term in the entire dataset.

PubMed term proximity score

We extracted a total of 175,555 unique terms from 31,850,051 PubMed abstracts.
Given a binary feature matrix M and a set A of terms within matrix M we calculated a
proximity score for each individual term in a given set B within matrix M. We applied
a tf-idf transformation to the feature matrix M and calculated the cosine distances
between individual terms in set A to individual terms in set B yielding a distance
matrix AxB. We calculated the term proximity score to be the mean distance of each

term b in set B to all terms in set A that are co-mentioned with term b at least once.

Matrix M: PubMed abstracts years 2000 onwards.
Set A: Aging lung terms.

Set B: All PubChem compounds that occur in PubMed abstracts ten times or more.

Term and topic associated mortality

For term and topic associated mortality, we used the R survival package to perform
Cox survival regression. For each clinical term we calculated a Cox regression
coefficient reflecting the hazard associated with the incidence of the term in
pathology records, adjusted for word count and birth year cohort. For topic-
associated mortality, we stratified patient pathology records according to topics. We

created a Boolean variable for each topic reflecting the association of a pathology
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357 record with a topic. This yielded a matrix of records and topics. We performed Cox
358  survival regression on the time to death from examination and noted the Cox
359 regression coefficient associated with each topic reflecting the hazard associated

360  with the incidence of the topic in pathology records.

361 Cell culture

362  Human primary fibroblast cell lines (Coriell, NJ, USA) AG08498 (AG), GM22159

363  (159) and GM22222 (222) were cultured in 4.5g/L-enriched Dulbecco’s Modified

364 Eagle’s Medium (DMEM)/ Ham's F-12 Nutrient Mix (F12) in a 1:1 solution

365 supplemented with 10% fetal bovine serum (FBS) and 1% penicillin/streptomycin.
366  Cells were maintained at 37°C in 5% CO2 atmosphere conditions and passaged
367 every 2-3 days. For senescence assays, cells at 70-80% confluency and below 20
368 passages were seeded in 96-well plates (Corning, 3340) at a density of 3000

369 cells/well and incubated overnight at 37 °C and 5% COZ2. Control plates were seeded
370  at 3000 cells/well or 1500 cells/well. One day after seeding, plates were irradiated
371 using a YXLON Smart Maxi Shot. Cells were exposed with emission of 0.85 Gy/min.
372 for 12 minutes for a total exposure of 10 Gy. After IR exposure, cells were incubated
373  for 6 days with medium changed every 48h. Control plates were seeded on day 6.
374  On day 7 cells were treated with compounds or vehicle for 48 hours after which the
375 cells were either harvested for RNA or fixed with 4% paraformaldehyde for 10 min,
376  washed in PBS and stained with DAPI. Cells were subsequently imaged using an IN

377  Cell analyzer 2200 high content microscopy at 20x magnification, 12 fields per well.
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RNA sequencing

RNA was extracted using Trizol according to manufacturer’s protocol. DNBSEQ
Eukaryotic Long Non-Coding RNA-sequencing was performed by BGI Denmark.
Mapping-based quantification of the GRCh38 transcriptome from RNA sequencing
paired-end reads was performed with salmon?® using a pre-computed transcriptome
index for salmon obtained from refgenie?’.Differential expression analysis was
performed with DESeq2 1.38.2?8 on genes mapped from transcripts with the
gencode annotation of the Ensembl gene set downloaded from refgenie
http://refgenomes.databio.org/v3/assets/splash/2230c535660fb4774114bfa966a62f8
23fdb6d21acf138d4/salmon_sa_index?tag=default. Genes with fewer than 10 reads
across all samples were filtered prior to all downstream analyses. Gene set
enrichment analysis was performed using GSEA 4.3.22%. An expression dataset file
(.gct) was prepared using DESeq2?® normalized counts for all samples. Phenotype
labels files (.cls) were prepared for each of the group comparisons. GSEA was run
on with the gene set database ‘MSigDB c5.go.bp.v2022.1.Hs.symbols.gmt’ 3%and
gene_set permutation type. We used gene sets which are significantly enriched
(upregulated) at FDR<0.05 in each phenotype in all downstream analyses.
Significantly enriched pathways from GSEA?® were visualized in Cytoscape?! using

the EnrichmentMap, AutoAnnotate, WordCloud and clusterMaker2 applications.

Fruit fly maintenance

All diets were made on a standard diet (SD) base consisting of 47.5 g cornflour, 41.6
g dextrose, 19.3 g Brewer’s Yeast, 6.55 g Low Melting Agar (Calbiochem), and
2.46% Nipagin (Merck, Germany) per litre. All ingredients except Nipagin were mixed

and heated to 80°C. When the mixture had cooled to 40°C, Nipagin was added. The

21


https://doi.org/10.1101/2023.02.27.530179

bioRxiv preprint doi: https://doi.org/10.1101/2023.02.27.530179; this version posted February 27, 2023. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

402  mix was distributed in falcon tubes and compounds added in various concentrations
403  to make the treatment diets. Diets with equivalent amounts of DMSO were used as
404  controls. Stock flies were housed in vials of 30 flies to avoid overcrowding and kept
405 on the standard diet. Both stock and treatment flies were kept at a constant

406  temperature of 25°C, a relative humidity of 60%, and a 12:12 h light:dark cycle. The
407  wild type strain w’’’¢ (Bloomington Drosophila Stock Center) was used for all

408 longevity assay. Before assays, 5-10 crosses with a ratio of 15:9 female to male flies
409  were set and kept under standard rearing conditions in polypropylene vials in

410 standard diet.

411  Fruit fly lifespan assay

412 Every three days, for 9-12 days, flies were flipped into new vials containing the

413  standard diet. Hatches were collected at birth and put in new vials with the desired
414  compound condition. Per each condition, three vials with ten male flies each were
415  prepared. Vials were put in front of cameras for our fly tracking system as part of the
416  Tracked.bio platform (www.tracked.bio). For all longevity assay, flies were flipped
417  once weekly into vials with freshly prepared food. Each vial had ten male flies, which
418  were selected from the new-born hatches of the set crosses. Male flies were chosen
419  among those which did not show any damage to the wings.

420  During each flipping, flies were counted, and data collected into a spreadsheet.

421  Behavioral metrics were calculated from the Tracked.bio system. We used the

422  lifelines python package to fit a Kaplan-Meier estimator for the survival function of
423 fruit fly lifespan and to perform a log-rank test to test for statistically significant

424  differences in survival. A count of live flies in vials was recorded once per week.

425  Since fruit fly vials were initiated over a period of several days as newly hatched flies
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426  were collected, we extrapolated weekly counts to daily counts before performing
427  survival analysis.
428
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si0  Figure Legends

511

512 Fig. 1| Pathological aging begins post-development for females and at mid-life
513 for males. a, The Human Aging Pathome and aging intervention discovery concept
514  and workflow. b, PCA of age-aggregated pathology records (n=20,316,270) from in
515  entire pathology register. Normalized Euclidean distance between age adjacent PCA
516  coordinates. ¢,d, PC1, PC2 coordinates vs. Age. e, PCA of age-aggregated of

517  pathology records (n=14,492,989) from females in the entire pathology register.

518 Normalized Euclidean distance between age adjacent PCA coordinates. f,g, PC1,
519 PC2 coordinates vs. Age. h, PCA of age-aggregated of pathology records

520  (n=5,823,281) from males in the entire pathology register. Normalized Euclidean

521 distance between age adjacent PCA coordinates. i,j, PC1, PC2 coordinates vs. Age.
522k, t-SNE of clinical features in age-aggregated pathology records in the entire

523  pathology register. I, UMAP of clinical features in pathology records in the entire

524  pathology register. m-o, Positive morphology specific enrichment: Inflammation,

525  Adenocarcinoma and Adenoma. p-r, Positive enrichment of clinical terms in tissue
526  specific pathology records: Lung, Skeletal system and Bone marrow.

527

528 Fig. 2 | Tissues age along specific trajectories. a, PCA of age-aggregated tissues
529  specific pathology records. b, UMAP of clinical features of tissue specific pathology
530 records (mean incidence age). ¢, UMAP of clinical features of tissue specific

531 pathology records (Cox regression coefficient).Tissues shown are: Lung

532 (n=177,795), Liver (n=156,057), Heart (n=27,055), Kidney (n=85,244), Nervous

533  system (n=183,729), Bladder (n=250,532), Skeletal system (n=242,282) and
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Gallbladder (n=182,261). d, Normalized Euclidean distance between age-adjacent
PCA coordinates of all tissues in. e-h, Positive enrichment of clinical terms in
morphology specific lung records: e, Inflammation. f, Benign tumor. g, Adenoma. h,

Adenocarcinoma.

Fig. 3 | Semantic structures in clinical text describe lung pathologies and
predict age. a, DNN age-prediction from clinical features in lung pathology records.
b, Permutation feature importance (PFl). ¢, UMAP of clinical features in lung records
(LDA topic). d, t-SNE of clinical feature LDA distributions in topics (LDA topics). e, t-
SNE of LDA record distributions in topics (LDA topics). f, t-SNE of clinical feature
LDA distributions in topics (mean incidence age). g, t-SNE of clinical feature LDA
distributions in topics (mortality: Cox regression coefficient). h, t-SNE of LDA record
distributions in topics (age). i, Topic associated age-prediction linear regression. j,
Topic associated permutation feature importance (PFl). k, Topic associated age-
prediction regression slope. I, Terms describing Obstetric Gynecologic Pulmonary
Complications (OGPC). m, Terms describing pulmonary aging (PA). n, Bivariate
kernel density estimation (kde) and histograms of chronological age vs. predicted

age, records closely associated with PF and OGPC.

Fig. 4 | Nintedanib reduces senescence in cells in culture and extends the
lifespan of fruit flies. a, Lung aging terms from pathology register combined with
molecules in PubMed abstracts. b, Proximity scoring of candidate compounds. c,
Relative cell count (normalized to no drug treatment control) in both ionizing radiation
(IR) and non-IR plates (n=3, mean mean = SEM). d, Percentage of IR exposed cells

predicted to be senescent above 0.5 threshold (n=3, mean mean + SEM). e,
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Predicted (deep neural network) probability of senescence IR and non-IR plates
(n=3, mean mean + SEM). f, RNA seq volcano plots of respective enrichment
analyses (n=3). g, Venn diagram showing common significantly enriched pathways
(GSEA) at FDR<0.05 confidence between each case and the respective control
DMSO. h, EnrichmentMap showing clusters of significantly enriched pathways

(GSEA). i, Drosophila melanogaster survival curves (n=90).

Extended Data Fig. 1 | Sex-specific patterns. a, UMAP of clinical features in
pathology records from males in the entire pathology register. b, UMAP of clinical
features in pathology records from females in the entire pathology register. ¢, t-SNE
of clinical features in age-aggregated pathology records from males in the entire
pathology register. d, t-SNE of clinical features in age-aggregated pathology records
from females in the entire pathology register. e, Positive enrichment of clinical terms
in various tissue and morphology specific records f, Term count associated hazard.

g, Birth cohort associated hazard.

Extended Data Fig. 2 | Tissue-specific analyses. a, PCA of age-aggregated
tissues specific pathology records. b, UMAP of clinical features of tissue specific
pathology records (mean incidence age). ¢, UMAP of clinical features of tissue
specific pathology records (Cox regression coefficient). d, Normalized Euclidean

distance between age adjacent PCA coordinates of all tissues in.

Extended Data Fig. 3 | Topic modelling. a, LDA perplexity for model fitted with

varying number of topics (skeletal system, lung, liver). b, Topic associated mean

age. ¢, Topic associated mortality. d, Topic associated age-prediction linear
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584  regression. e, Topic associated permutation feature importance (PFI). f, Topic

585  associated age-prediction regression slope. g, Terms describing Human

586  Immunodeficiency Virus (HIV). h, Bivariate kernel density estimation (kde) and

587  histograms of chronological age vs. predicted age, records closely associated with
588  HIV and t-SNE of clinical feature LDA distributions in topics highlighting OGPC, PA

589 and HIV topics.
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