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TL DR 1. Value - Pathology-Focused Binning Experiments
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» Conventional Electronic Health Record (EHR) foundation models often inherit Assumption: Common high-density range values are less informative, 10 * Downstream tasks performances
LLM training paradigms, limiting their fit to EHR data structures. density range values are more clinically important. e MIMIC-3: 7 downstream tasks
» 1. Value representation - Pathology-Focused Binning, which allocates * Method: Estimate the density with a Gaussian KDE and assign inverse-density weights. Tavks Tomlscore (1) | THM Phe | Dec.death | Decame iwLOS-ICU 00 | Vaso
: .. : : : : N Metric 117 17 6 | ROC PRC|macro micro| ROC PRC| ROC PRC|Ma-fl Kappa|macro micro| ROC PRC
resolution to clinically important tail values instead of over-resolving the normal 5(g%) 1 Z K ( ), where K, (u) w2 Al N\ 5| HEART 5304 5.434 5.835(0.838 0.442| 0.717 0.718(0.869 0.205[0.862 0.199/[0.150 0.142] 0.703 0.701[0.865 0.363
: - : - p k) — == h L—Uj Wwnere h — eXp — 550 w(U) X (U) < |MOTOR 4.889 5.159 5.645(0.880 0.552| 0.770 0.773]0.908 0.27410.896 0.268]0.177 0.166| 0.753 0.748|0.891 0.438
range as in quantile binning. I N 4 Ik, 2h P o|EHRSHOT (5497 5.565 6.0260.831 0.459| 0.638 0.632(0.867 0.188]0.854 0.181(|0.147 0.155| 0.672 0.668| 0.54 0.359
. . . jZl c;c TRADE 5.260 5.454 6.048(0.828 0.441| 0.738 0.738|0.867 0.170]0.857 0.165(10.158 0.151| 0.732 0.731]0.869 0.393
« 2. Time representation - Dual-Calendar RoPE, which captures the exact ”|EHRmamba  |5.137 5.439 5.926|0.868 0.557| 0.690 0.687|0.901 0.277}0.886 0.260/[0.150 0.159| 0.751 0.753|0.873 0.399
- : - A. Pathology-focused Binning “| Ours (No share)|4.686 4.907 5.367|0.889 0.607| 0.809 0.816|0.928 0.400[0.917 0.388|[0.181 0.185| 0.776 0.781(0.912 0.498
occurrence time Of eaCh event and the reQUIarlty between events’ InStead Of % FM4EHR 5.529 5.691 6.200|0.830 0.435| 0.609 0.599|0.886 0.273]10.874 0.261(10.131 0.153| 0.658 0.667|0.878 0.384
: : : <|ETHOS 4971 5.248 5.572(0.859 0.530| 0.739 0.746|0.900 0.311]10.890 0.304(10.170 0.165| 0.721 0.731]0.890 0.437
assuming uniformly spaced events. Quantile 15.65% 2| STraTS 5.786 5.812 6.071|0.759 0.311| 0.656 0.661|0.840 0.141/0.804 0.103|[0.123 0.121| 0.590 0.598[0.864 0331
e 3. Learning Objective - Time-Conditioned Foresee’ a joint “when-and-what” | Ours (Share)  |4.879 5.043 5.561|0.876 0.559| 0.781 0.784|0.910 0.319{0.902 0.310(]0.173 0.170| 0.749 0.755|0.906 0.470
prediction objective that trains to predict all events within a given future horizon. e MIMIC-4: 11 downstream tasks . ML models
. No Share Share Model AUROC (95% CI) AUPRC (95% CI)
Task Metric  V'0TOR  Ours ETHOS Ours Dataset: MIMIC-III (117 features)
ROC 0.908 0.916 0.876 0.894 Logistic Regression  0.780 (0.752-0.803)  0.392 (0.342-0.447)
_ : . : : : : : . [HM ' ' ' ' Decision T 0.634 (0.609-0.658)  0.190 (0.165-0.215
= 2025.09.30. 23:30:00 - Admission 2025.09.30. 23:45:00 - SBP — 87mmHg Pathologic Physiologic Pathologic Pathologic Physiologic Pathologic PRC 0385  0.419 0284  0.336 oo 0554 E0_834_0.872; 0501 E0_448_0.549;
Patient A Electronic Patient Record o (F)(Vv) XGBoost (2016) 0.860 (0.841-0.879)  0.509 (0.456-0.566)
atient Combination of T,F —» Combination of T,F,V = LightGBM (2017)  0.881 (0.866-0.896)  0.556 (0.510-0.603)
Birth: 1976. 07. 04 (D) : CatBoost (2018)  0.883 (0.869-0.900) 0.565 (0.522-0.614)
Sex: M ) S \A\Q 2 ] T|me - DuaI-Calendar ROPE MOTOR 0.880 (0.855-0.890)  0.552 (0.500-0.591)
Ethnicity: East Asian Q& & & & S e@ & < . : . . OURS 0.889 (0.874-0.905)  0.607 (0.566-0.649)
A (\\O (6\(’(9 0&’,@ Q\A ’ié?’ Q\A *Q?’ QOC’ \Q?’ c,)‘o(’ *Qfo e}\é - ) - . . . . . - . . Dec- ROC 0.845 0.863 0.786 0.862 Dataset: MIMIC-1V (195 features)
2025.09.30. 23:30:00 - Admission FFE RO P TR ST T P  Assumption: Explicitly representing the exact timing and periodicity of events improves ICU  PRC 0.160 0213 0116  0.233 Logistic Regression 0848 (0.836-0.859) 0.256 (0.234-0.282)
2025.09.30. 23:40:00 - ICU t f F F F V F V F R F V ]eee| F . . Decision Tree 0.607 (0.596-0.619) 0.076 (0.068-0.086)
2025.09.30. 234000 - |CU tansfer token () ) )RRV the model’s temporal representation learning. ;Od;i ROC 0.629 0.66? 0.6ii 8'223 Decision Tree 0007 (0206 0610y 0070 (0.068-0.080)
2025.09.30. 23:45:00 - DBP — S5mmHg rimestamp (70)(71)(12)(13) (1) (5)(@6) () (18) (1) [0 (1) [12) - - 792) » . — . codm. L % B8 B O XGBoost 0892 (0884-0501) 0344 (03190371
UJ.5U. Gl . _ _ _ 1ght . .095-0.9 : Sla-0.
2025.10.01. 001000 - Glucose — 73mg/d rosition (0)((2)3)(2))(6)(D)EB))M@)() - (52) * Method: Partition the RoPE dimensions into order-based and time-based components, 30d-  ROC 0.879  0.892 0818  0.881 LiEnOB] 008 (089800141 0359 (0 3340 367
10 _ death PRC 0.309 0.330 0.145 0.296 |
2025.10.01. 00:10:00 - GCS score — 11 — —— ith the ti : : : | ical MOTOR 0.908 (0.899-0.914)  0.385 (0.365-0.407)
2025.10.01. 00:15:30 - Temperature —39°C |7 patient prefix (0, R) pair with the time-based periods arranged in ascending calendrical order. LOS- MaFl 0181 0188 0158 0.184 OURS 0.916 (0.908-0.923)  0.419 (0.391-0.446)
/ oS time Adm Kappa 0.184 0.193 0.154 0.190
2025.10.03. 14:45:00 - Discharge (70)(T2)(T2) : Time of birth : Time of event in Y.M.D — H:M:S 7 = RoPE(poS, OP ( P )) H ROPE(Ztimey © (T)) LOS-  MaFl 0190 0200 0.161 0.192
ICU Kappa 0.173 0.183 0.126 0.166 i i
| | NS T ds, pp .
Figure 1. (Left) Raw patient data from the EHR database in chronological order. (Right) Tokenization of each event (E) with triplet GEOS(P) = P (10000)_27/ dP"S, YRS {0, e dgﬁ — 1}@ Oume(T) = 27 - (mod $m) , me{l,...,M}. macro 0816 0840 0719 0.816 External Validation (GICU)
representation. Patient information is placed at the beginning, Features and Values are tokenized, and timestamps remain continuous. m Phe. micro 0.829 0.852 0.724  0.825 Task  Metric No Share Share
B.D A : : : : MOTOR Ours ETHOS Ours
. Dual-Calendar RoPE ROC 0963 0971 0952  0.959
- Vaso 5 THM ROC 0.757 0.786 0.735 0.771
D t t Table 2. Data summary. Parentheses indicate cases where bins are 25.07.13 — 8am Glucose Z' I PR it 2.7 000 007 PRC 0.524 0.355 0.298  0.346
ataset summar | vendi - . — macro 0760 0822 0700  0.754 ROC 0779 0811 0765  0.795
y not shared. Refer to Appendix C for more details 25.07.12 - 8am COFt(SO/ HUO micro 0.761 0.823 0.702  0.754 ICUM PRC 0.256 0286 0234  0.284
MIMIC-III MIMIC-IV 09.06.08 — 8am Cortisol
Pre-training statistic Train Test Train Test 3
» Used dataset — MIMIC-3,4 & elCU Total Patient # 287k 51k | 1590k 183k . SN « K .
. . | Total Hospitalization # 357k 63k | 455.6k  66.3k ghrfreq, Low-freg. &\%“\ F ot BN E P (& » Generative performances
e Train — ~160k pa’[ients [ ~ 270m events Total Events # 38.6m  6.7m | 272.6m 34.3m YR % Q S C
Total Tokens # 77.1m  13.5m | 5342m 67.2m s ces - .
» Eval — ~18k pati | ~34 Ave. length 27k 27 | 34k 3.7k * Generation EHR sample « Generation vs ground truth
val — patients m events Max length 3933k 62.8k | 254.1k 3357k Positional distance Temporal distance ( Y
: ' ' ' ' P # [ Ours (bin share) ] #[ ETHOS ] (a) Timestamp Generation
. T - t E I hft 41 Unique Tokens # 155 (1,208) 361 (2301)
raln 10 =val Sniit. avg' years Token #bin 10 10 Interval ETHOS OURS Improv. (%)
Token # ethnicity 10 7 (grouped) i i i L _ _
Token # chart events 17 148 3 Obiective - Time_CondmOned Foreseeing (Minutes) RMSE MAE RMSE MAE RMSE MAE
Token # laboratory tests 100 120 : . .
e A N - i ored - - g o
» Assumption: Models should jointly predict when and what events will occur, while also -
10-100 50400 2404 645 31 99 99
' ' 100-1k 61858 7939 1796 331 97 96
Table 1. Comparison of recent EHR models by architecture and training objective. [Data usage]: whether the model uses Time and forecast ng events over IOng horizons. (b) Token G "
Value information. [Value binning]: whether values are discretized using non-quantile binning (STraTS embeds values continuously) . : ' ' tA _ ' ' ' ' oken Lseneration
and whether bin tokens are shared across Features. [Time addressing]: whether the model considers relative time intervals, calendrical MethOd A PredICt the time-to-next-event Interval' B PredICt WhICh events WI” occur Token ETHOS OURS Improv. (%)
time, and uses an order-preserving tie—breaker for concu.rre}lt events. [Learning Ob.]ec_tlve]: type of loss, .Foresee - \fvh.ether model Wlthln a future h Ori 70N CON dlthn ed on a given tlme (Normalized) RMSE MAE RMSE MAE RMSE MAE
forecasts beyond the next-token, and ‘Temporal Generation’ - whether temporal generative modeling 1s possible. Abbreviations™: MEP;
missing entity prediction, TTE; time to event prediction, TCF; time conditioned foreseeing. Refer to the related works section for details’. ‘ | o] < 1sd 0.520 0.307 0438 0.265 16 14
_ N o P TR o] >2sd 2127 1279 1972 1170 7 9
[Data usage| [ Value Binning| [ Time addressing]| |Learning Objective] C. Time Conditioned Foresee Objective — o383 _GCS.E - 2 Overall 0630 0368 0.623 0.337 8 9
Models Event Numeric| Non- ~ Bin |Relative Calendrical Order- Type  Foresee Temporal Nowtime  NextBvent —  EventZ | Event3  Eventd L,.oxt time : Given the patient’s prior history, how long will it take [-GCS-E:1 | — Temperature : 38.2
Timestamp Value |quantile sharing |interval  time  preserving Generation POV RV (Fe) (V) until the next clinical event (vital measures, interventions, etc.)? 213%0133113;(%1{?0 3 21'3?_1?0:_(7); 145000
&E{T};ggg%%m) T :TEOJE i.[TEl)(TEl).i E,(TEZ)(TEZ ) i.(-I-E3 )(TE3 ) . Lforesee : Given the history and AT, which event is likely to occur _PO2:4920 "RR:15 _
: T e resee events or be required after AT? *Multiple ATs beyond next event time - PEEP: 5.0 -SBP:96 ° Temporal generatlon
Foresight (2024) X X - - X X - NTP&MLM X X Transformer Decoder (Backbone) -C0O2:26.0 - 02 saturation : 100
ClinicalMamba (2024) e 1 , —— Next Event Time Label -pH:7.44 - MBP: 89 (A) ETHOS (B) OURS
aSt hldden- [h|dden] >Lnext time‘ €X ven Ime Labels _ ao ao . _ . Density Plot (All points) Density Plot (All points)
iUl ; ' AT () - (o) oul[ o V] [PuLo Hemoglobin (ER)  10.1 R 75
e 1 x o [ x 3 | x x| W O Crammmm o pcgoss] (@ () - Qi ol M 01| ,
= foresee Times Y,M,D,H,M,P 10- . ' - o
= T , , k 2136-10-02 14:10:00 ~RR: 28 i : 5
MOTOR (2024) O X - - O X X TTE* O X o [ \Y/AM/AD/\H/\M/\P/ [YA/M\[D\[H\ M\ /P ] ATe, : (Tep) - (e): D, ' -SBP: 104 - 02 saturation : 96 W = o]
STI,aTS (2022) O O O O X X _ MSE X X % Time unembed Iayer Time embed Iayer ATE3 : T - _I_EO : D3 : :g]; ;altiration 0 21_36G—é(;-0?9 16:35:00 g 1044 . : :““W _
CLMBR-T-base (2023)] O 0 X X 0 X X NTP X X Z ININIRININ - - o)~ (o MBP-60 GOSE -1 | e—— ¢ |
TRADE (2024) O 0O O X X X _ MLM X X > |Next Event Prediction Time-Logits [ Feed Forward )(Encod}) Feo)| ATg,: iTEg | = (Tg, ): D, : -DBP: 45 -DBP: 80 LIV I —— g
EHRMamba (2025) 0 0 X X X X T | NTP&MLM X X — ' > Lforesee <+ foresee Token labels foresee Times 20100 00 O e o6 f—feemfmn
ETHOS (2024) O o X O A’ X - NTP X A | Feed Forward ] (Projection): [# foresee labels, hidden] i[ ZCE loss Pa =y If Tex = Tewer : Pi= Patl -ggs 3 100 '“H”[lf?;ﬁgﬁ
OURS O O O both O O O TCF* O O \ \Token Unembed/ Token-Logits: [# foresee labels, Token VOCEIbS] / foresee labels ) Pk Else : Pk =0 :HRia;(l)rf(ltt;EEC-ated rest) :GCS'_V . 1 (truncated rest) 0] ¢ e em E | 0] . em .4
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