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Many large studies, one consistent bottleneck: 
Application of predictive modeling 
requires quantitative + technical expertise; 
existing packages are not user-friendly, 
lack features 
-> rtemis 0.0.1
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• Co-Director 
• UCSF Scientifi
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• Bakar Computational Health Sciences Institute 

• Center for Intelligent Imaging 

• Institute for Global Health Sciences, UCSF 

• Center for Targeted Machine Learning & Causal Inference, 
UC Berkeley

• Co-lead 
• FTD Center Without Walls Genomics & Transcriptomics Core 

• Instructor 
• Datasci 213 & 214 Programming for  

Health Data Science I & II

Health sciences require 
validated + observable + auditable pipelines; 
low code + no-code access to 
advanced data/stat/ML/AI/visualization pipelines 
-> rtemis 1.0.0 + friends
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Quantitative pipelines are often 

challenging: 

- Inefficient +/- non-reproducible +/- 

not grounded on domain knowledge 

+/- incorrect

- Domain expertise is essential but ML 

software is not accessible to most 

scientistics/clinicians/public health 

practitioners.
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Purpose-built health data science 

software incorporating  

domain + quantitative + technical 

expertise catalyzes collaboration, 

increases efficiency & reproducibility, 

improves results.
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Initial motivation (~2015)

• Neuroimaging of brain development:  
~2k cases * (1625 ROIs * 4 modalities + 
demographic + neurocognitive data)

• Started with 2 goals:  
tune gradient boosting & sparse 
decompositions

• Existing packages did not support early 
stopping, performed suboptimal and highly 
inefficient tuning for gradient boosting

• 2 functions -> ~600 functions; 
1 package -> 12 packages
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rtemis Mk I (< v0.9)

• Learning R & machine learning

• Integrating functionality for supervised learning, decomposition, clustering and 
visualization, obsessing over console pretty printing

• Organizing growing number of scripts into an R package

• Writing tutorials in Rmarkdown, later Quarto

• Tried all class systems, both to learn and to choose the best fit:  
S3, S4, RC, R6 - settled on R6

• static (base graphics) and interactive (plotly) graphics systems

• First public release 0.79 on GitHub
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The extensive low- to high-level tooling available in rtemis, 

makes it an ideal platform for developing & testing novel algorithms.
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• January 2025: began a complete rewrite of backend + streamline public API

• Switch to S7 classes and methods throughout

• Trimmed down considerably + broke into separate packages

• rtemis 1.0.0 on CRAN 2026-03-26: ML & visualization

• rtemis.a3 0.5.3 on CRAN 2026-04-28: Amino Acid Annotation (A3) format

• rtemis.llm 0.8.1 on CRAN 2026-05-04: LLMs and agents

• rtemis.core on CRAN 2026-05-09: Shared utilities: logging system, formatting system, 
progress reporting, custom S7 types, check_* functions, …

• rtemis.draw on R-universe (coming soon to CRAN): high performance interactive graphics 
using JS libraries
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Make data science accessible to 
domain experts 
by minimizing technical hurdles 
& promote correctness, 
reproducibility, auditability

rtemis Goal
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Data Input

Preproc +/- decomp

Data cleaning

Variable coding

Handling missing data

Tuning

Evaluation

Presentation

Up/down-sampling 
case weighting

Confusion matrix 
ROC curve 
PR curve 
Performance metrics 
Variable importance plots

Inner resampling / 
validation set

Outer resampling / 
test set

Type conversion 
categorical encoding

> read()

> preprocess()

> train()

> present()

Feature names;  
categorical labels

Summary > describe()Plain language output

Input from all  
popular formats

Training set processing, 
& test set application

Visualization Interactive graphics > draw()

> check_data()Data check
Summary of types, issues, 
Preproc. recommendations 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dat <- read("path/to/data.csv")

Reads delimited file formats, 
.arff, .parquet, .rds, .xlsx, .dta, .fasta 
Produces data.table, tibble, or data.frame
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mod <- train(dat) 

Train supervised model: last column is outcome, rest are features 
Defaults to ranger random forest
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mod <- train( 
  dat, 
  hyperparameters = setup_LightGBM() 
) 

Automatic tuning of number of trees 
using early stopping  
… 
(mission accomplished!)
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mod <- train( 
  dat_train, 
  test = dat_test, 
  hyperparameters = setup_LightGBM() 
) 
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mod <- train( 
  dat_train, 
  test = dat_test, 
  hyperparameters = setup_LightGBM() 
) 

Get metrics on train & test set
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mod <- train( 
  dat_train, 
  test = dat_test, 
  hyperparameters = setup_LightGBM(max_depth = 3L) 
) 
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mod <- train( 
  dat_train, 
  test = dat_test, 
  hyperparameters = setup_LightGBM(max_depth = 3L) 
) 

Define hyperparameters: 
setup_* functions provide docs + tab-completion
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  hyperparameters = setup_LightGBM(max_depth = 2:4) 
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  hyperparameters = setup_LightGBM(max_depth = 2:4) 
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Vector of values => automatic grid search
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mod <- train( 
  dat_train, 
  test = dat_test, 
  hyperparameters = setup_LightGBM(max_depth = 2:4) 
) 

Vector of values => automatic grid search

(3*5 + 1) = 16 models
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  test = dat_test, 
  hyperparameters = setup_LightGBM( 
    max_depth = 2:4, 
    learning_rate = c(.001, .005, .01) 
  ) 
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mod <- train( 
  dat_train, 
  test = dat_test, 
  hyperparameters = setup_LightGBM( 
    max_depth = 2:4, 
    learning_rate = c(.001, .005, .01) 
  ) 
) 

(3*3*5 + 1) = 46 models
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mod <- train( 
  dat_train, 
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  hyperparameters = setup_LightGBM( 
    max_depth = 2:4, 
    learning_rate = c(.001, .005, .01), 
    subsample = c(.5, .9) 
  ) 
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mod <- train( 
  dat, 
  hyperparameters = setup_LightGBM( 
    max_depth = 2:4, 
    learning_rate = c(.001, .005, .01), 
    subsample = c(.5, .9) 
  ), 
  outer_resampling_config = setup_Resampler() 
)

Estimate generalizability using 10-fold stratified crossvalidation

(3*3*2*5 + 1) * 10 = 910 models
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mod <- train( 
  dat, 
  hyperparameters = setup_LightGBM( 
    max_depth = 2:4, 
    learning_rate = c(.001, .005, .01), 
    subsample = c(.5, .9) 
  ), 
  outer_resampling_config = setup_Resampler(), 
  outdir = "path/to/outdir" 
)
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mod <- train( 
  dat, 
  hyperparameters = setup_LightGBM( 
    max_depth = 2:4, 
    learning_rate = c(.001, .005, .01), 
    subsample = c(.5, .9) 
  ), 
  outer_resampling_config = setup_Resampler(), 
  outdir = "path/to/outdir" 
)

Save model RDS and log TXT to disk
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mod <- train( 
  dat, 
  hyperparameters = setup_LightGBM( 
    max_depth = 2:4, 
    learning_rate = c(.001, .005, .01), 
    subsample = c(.5, .9) 
  ), 
  outer_resampling_config = setup_Resampler(), 
  outdir = "path/to/outdir" 
)

A very common setup:  
nested resampling + save to disk
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mod <- train( 
  dat, 
  hyperparameters = setup_LightGBM( 
    max_depth = 2:4, 
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    subsample = c(.5, .9) 
  ), 
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  outdir = "path/to/outdir" 
)

Estimate generalizability using 25 stratified subsamples
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mod <- train( 
  dat, 
  hyperparameters = setup_LightGBM( 
    max_depth = 2:4, 
    learning_rate = c(.001, .005, .01), 
    subsample = c(.5, .9) 
  ), 
  outer_resampling_config = setup_Resampler( 
    n_resamples = 25L, type = "StratSub"), 
  outdir = "path/to/outdir" 
)

Estimate generalizability using 25 stratified subsamples

(3*3*2*5 + 1) * 25 = 2,275 models
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mod <- train( 
  dat, 
  decomposition_config = setup_ICA(k = 3L), 
  hyperparameters = setup_LightGBM( 
    max_depth = 2:4, 
    learning_rate = c(.001, .005, .01), 
    subsample = c(.5, .9) 
  ), 
  outer_resampling_config = setup_Resampler( 
    n_resamples = 25L, type = "StratSub"), 
  outdir = "path/to/outdir" 
)
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mod <- train( 
  dat, 
  decomposition_config = setup_ICA(k = 3L), 
  hyperparameters = setup_LightGBM( 
    max_depth = 2:4, 
    learning_rate = c(.001, .005, .01), 
    subsample = c(.5, .9) 
  ), 
  outer_resampling_config = setup_Resampler( 
    n_resamples = 25L, type = "StratSub"), 
  outdir = "path/to/outdir" 
)

Decompose numeric variables to 3 ICA projections
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mod <- train( 
  dat, 
  preprocessor_config = setup_Preprocessor( 
    impute = TRUE 
  ), 
  decomposition_config = setup_ICA(k = 3L), 
  hyperparameters = setup_LightGBM( 
    max_depth = 2:4, 
    learning_rate = c(.001, .005, .01), 
    subsample = c(.5, .9) 
  ), 
  outer_resampling_config = setup_Resampler( 
    n_resamples = 25L, type = "StratSub"), 
  outdir = "path/to/outdir" 
)
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    n_resamples = 25L, type = "StratSub"), 
  outdir = "path/to/outdir" 
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mod <- train( 
  dat, 
  preprocessor_config = setup_Preprocessor( 
    impute = TRUE 
  ), 
  decomposition_config = setup_ICA(k = 3L), 
  hyperparameters = setup_LightGBM( 
    max_depth = 2:4, 
    learning_rate = c(.001, .005, .01), 
    subsample = c(.5, .9) 
  ), 
  outer_resampling_config = setup_Resampler( 
    n_resamples = 25L, type = "StratSub"), 
  outdir = "path/to/outdir" 
)

Impute missing data using iterative RF

http://rtemis.org


2026 Gennatas E.D. | rtemis.org

mod <- train( 
  dat                     = x, 
  preprocessor_config     = setup_Preprocessor(), 
  decomposition_config    = setup_{Decomp_name}(), 
  hyperparameters         = setup_{Alg_name}(), 
  tuner_config            = setup_GridSearch(), 
  outer_resampling_config = setup_Resampler() 
) 

http://rtemis.org
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mod <- train( 
  dat                     = x                     : class_tabular, 
  preprocessor_config     = setup_Preprocessor()  : PreprocessorConfig, 
  decomposition_config    = setup_{Decomp_name}() : DecompositionConfig, 
  hyperparameters         = setup_{Alg_name}()    : Hyperparameters, 
  tuner_config            = setup_GridSearch()    : TunerConfig, 
  outer_resampling_config = setup_Resampler()     : ResamplerConfig 
) 

What the use doesn’t need to worry about: S7 types,  S7 classes and their 
constructors. 
Used internally throughout to perform type checking and validation of all inputs 
and fail fast with corrective error messages

http://rtemis.org
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plot_session(mod)

Gantt chart of  
supervised pipeline

http://rtemis.org
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Complex pipelines you can trust: validated, observable, auditable

• Validated specification (what will happen) 
Custom S7 classes & types throughout + function argument checking:  
fail fast with corrective messages 
abort(), warn(), info(), check_(*) 

• Observable execution (what is happening) 
Custom logging & nested progress reporting msg(), fmt(), progress_lapply() 

• Auditable record (what happened) 
Every step recorded (SupervisedSession), pretty printed (repr()), plotted 
(plot_session())

http://rtemis.org
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rtemis schemas
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rtemis schemas

• JSON schemas built from S7 classes 

• Hosted on schema.rtemis.org 

•  write_config() S7 -> JSON; read_config()JSON -> S7 

• Used in R, rtemis CLI, rtemislive

http://rtemis.org
http://schema.rtemis.org
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rtemis CLI
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rtemis-cli

• Rust binary 

• Validates & describes rtemis config JSONs natively 

• Executes by passing data and config to rtemis::train 

• rtemis train dat.{csv,parquet} supervised.json 

• rtemis decompose dat.{csv,parquet} decomp.json 

• rtemis cluster dat.{csv,parquet} cluster.json

http://rtemis.org
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rtemis.llm
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rtemis.llm

• rtemis-standard S7 backend with functional API 

• Support for 

• Ollama, OpenAI-compatible, Anthropic-compatible providers 

• Capturing reasoning output 

• Defining schemas + generating structured output 

• Custom tools 

• Memory on/of

http://rtemis.org
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rtemis.llm

Feature LLM Agent

Reasoning ✓ ✓

Structured 
Output ✓ ✓

Tool use x ✓

Memory x ✓

Batch 
generation ✓ ✓

Batch generation

http://rtemis.org
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rtemis.llm

Feature LLM Agent

Reasoning ✓ ✓

Structured 
Output ✓ ✓

Tool use x ✓

Memory x ✓

Batch 
generation ✓ ✓

llmapply(x, llm)

Batch generation
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rtemis.llm

Feature LLM Agent

Reasoning ✓ ✓

Structured 
Output ✓ ✓

Tool use x ✓

Memory x ✓

Batch 
generation ✓ ✓

llmapply(x, llm)

agentapply(x, agent)

Batch generation
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rtemis.llm

Feature LLM Agent

Reasoning ✓ ✓

Structured 
Output ✓ ✓

Tool use x ✓

Memory x ✓

Batch 
generation ✓ ✓

llmapply(x, llm)

agentapply(x, agent)

map(x, llm)

Batch generation

http://rtemis.org


2026 Gennatas E.D. | rtemis.org

rtemis.llm

Feature LLM Agent

Reasoning ✓ ✓

Structured 
Output ✓ ✓

Tool use x ✓

Memory x ✓

Batch 
generation ✓ ✓

llmapply(x, llm)

agentapply(x, agent)

map(x, llm)

map(x, agent)

Batch generation
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rtemis.a3

http://rtemis.org
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Goal:
Automate 
visualization of  
protein primary 
structure & 
annotations
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Goal:
Automate 
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structure & 
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Amino Acid Annotation (A3) format

• rtemis infrastructure makes it easy to build domain-spacific tools 

• Defined JSON schema  

• Created S7 class to hold amino acid sequence + rich set of annotations 

• Read/write/validate functions 

• Functions to import data from popular databases (e.g. UniProt) and convert to A3 

• Custom visualization function

http://rtemis.org
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S7 used as template to port across languages

cran.r-project.org/package=rtemis.a3

pypi.org/project/rtemis-a3

juliahub.com/ui/Packages/General/RtemisA3

npmjs.com/package/@rtemis/a3 & jsr.io/@rtemis/a3

crates.io/crates/rtemis-a3

http://rtemis.org
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rtemislive
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rtemislive Mk I

• Originally dataset-specific shiny apps with ability to visualize datasets, fit models++ 

• -> rtemislive(): function that outputs custom shiny app for any dataset with 
an extensive set of modules 

• Deployed at UCSF using shinyproxy 

• (rtemislive name predated shinylive) 

• shinylive failed with the massive rtemislive app

http://rtemis.org
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rtemislive Mk II

• Rewrite using Next.js, DuckDB, {ECharts, Sigma.js, MapLibre}, WebR, Pyodide, AI-
SDK, assistant-ui 

• Data loading, cleaning, preprocessing, feature engineering 

• Visualization using ECharts, Sigma.js, MapLibre 

• Hypothesis testing using WebR 

• Supervised Learning, Decomposition, Clustering using rtemis.server to connect to 
local R session and run rtemis pipelines

http://rtemis.org
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Local, secure, in-browser analytics

• Support for tabular, hierarchical, A3 data: read, edit, write 

• GUI & Console (WebR, Pyodide, DuckDB) 

• High performance, interactive visualization (ECharts, Sigma.js, MapLibre) 

• Hypothesis testing through WebR 

• Supervised Learning, Decomposition, Clustering through rtemis.server (WebSocket) 
to local R session running rtemis 

• Context-aware agentic Chat with custom tools, structured output, direct context 
injection, skills library, MCP server support can provide assistance at any step 

http://rtemis.org
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Ecosystem overview
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Summary

• Schema-driven, multi-language, low-code, no-code, validated, observable, 
auditable AI/ML/Visualization

http://rtemis.org
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stathis@rtemis.org

Thank you

www.rtemis.org

mailto:Stathis.Gennatas@ucsf.edu
https://www.rtemis.org

