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Abstract. We introduce LongMedBench, a real-world EHR benchmark
for long-horizon clinical reasoning with medical agents. Prior evaluations
of LLM-based medical agents have largely emphasized short-context med-
ical QA, tool use, or single-encounter interactions, whereas real-world
care requires integrating evidence across repeated visits, tests, treat-
ments, and discharge outcomes. LongMedBench integrates MIMIC-IV
admission records and clinical notes into time-series event streams and
controlled long-context memory datasets. It comprises 355 patients, av-
eraging 19.72 inpatient visits per patient and 44.91 medical events per
visit. We propose an evaluation taxonomy with three suites: factual QA,
temporal reasoning, and long-horizon decision-making. These suites mea-
sure how agents retrieve, order, and use historical patient information
over extended horizons. Experiments show that recent LLMs use explicit
timestamps effectively but still struggle with implicit temporal inference.
Longer context, RAG, and agent memory improve factual retrieval more
than long-horizon decision-making, revealing a gap between accessing
historical evidence and using it for clinical decision reasoning.
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1 Introduction

In clinical practice, diagnosis is inherently longitudinal and time-dependent.
Clinicians do not merely react to isolated symptoms; instead, they synthesize
evidence from multiple visits, diagnostic tests, and evolving treatment responses
over years [5]. Such long-horizon clinical reasoning is fundamental to high-quality
care. As large language models (LLMs) transition to autonomous medical agents,
their ability to navigate complex trajectories in real-world electronic health
records (EHRs) [9] has become a central benchmark for clinical readiness.
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Table 1: Comparison of Medical Agent Benchmarks.
Benchmark Long.® Ctx.? EHR.¢© Dec.? Temp.¢ Focus

MedAgentBench [8] X X v v X EHR Tool Integration
AgentClinic [20] X X X v X Simulated Interaction
DiagBench [18] X X v v X Diagnostic Trajectory
MedBench v4 [4] X v v X X Medical Knowledge QA
ReflecTool [12] X X X v X Reflective Tool-Use
EHRSQL [11] X X v X X Relational Querying
TIMER |[2] v X v X v Temporal QA
ER-Reason [15] v X v v X EHR-Based Reasoning
LongMedBench v v v v v Long-horizon Reasoning

@ Longitudinal: Reasoning across multiple discrete clinical visits. ° Context: Benchmark envi-
ronments with multi-turn context. ¢EHR: Dataset built from real-world EHRs. ¢ Decision-
making: Evaluating long-horizon clinical decision-making beyond static retrieval. € Temporal
Sensitivity: Evaluating understanding of clinical timeline and urgency.

Although general-purpose benchmarks evaluate long-horizon or multi-turn
interactions [22, 21, 10,23, 7, 4], they primarily emphasize information retrieval,
namely locating specific facts within a long context [13]. They test needle-in-a-
haystack retrieval but overlook temporal dynamics essential to clinical reasoning.
In real-world medical scenarios, the challenge extends to understanding how a
patient’s state evolves over dozens of visits and how this progression informs
treatment strategies.

Current medical evaluation paradigms also do not fully meet this require-
ment, as shown in Table 1. Recent frameworks [18, 8,20, 4,12, 11] have advanced
medical-agent evaluation for tool use, simulated encounters, and structured EHR
querying. However, they largely evaluate short-horizon or single-encounter be-
havior and do not systematically test how models integrate clinical evidence
across repeated visits. More recent benchmarks explore complementary dimen-
sions: TIMER [2] evaluates temporal reasoning over longitudinal EHRs but in a
static QA setting without agent interaction; ER-Reason [15] models the multi-
stage ER workflow but is limited to a single clinical episode without multi-visit
agent trajectories.

To address these limitations, we introduce LongMedBench, a MIMIC-IV [9]-
based benchmark for evaluating how medical agents use cross-visit EHR histories
under controlled memory settings. By converting 355 patient records into lon-
gitudinal event streams (Avg. 19.72 visits per patient), LongMedBench provides
a temporally dense environment for measuring how LLM-based medical agents
retrieve, organize, and use patient history across visits.

Our contributions are: (1) a tri-level memory dataset architecture repre-
senting patient history at different granularities; (2) a progressive evaluation
taxonomy spanning factual QA, temporal reasoning, and long-horizon decision-
making; and (3) empirical findings showing that state-of-the-art LLMs exploit
explicit timestamps but still struggle with implicit temporal reasoning. Although
RAG and agent memory systems improve factual retrieval, long-horizon decision-
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Fig. 1: Data processing pipeline for LongMedBench.

making remains highly dependent on immediate context, revealing a gap in rea-
soning over long-term clinical trajectories.

2 Methodology

2.1 EHR Data Processing Pipeline

LongMedBench is built on MIMIC-IV v3.1 [9], a public database with medical
records for more than 100,000 patients. To convert static EHRs into an interac-
tive agent environment, we design a three-stage pipeline (Figure 1). The pipeline
integrates structured MIMIC-IV tables and clinical notes through patient and
admission identifiers. Patient and admission tables provide demographic infor-
mation and visit boundaries; laboratory, medication, procedure, microbiology,
and diagnosis tables provide structured clinical events; and radiology and dis-
charge notes from MIMIC-IV-Note provide note-derived imaging reports and
visit summaries. This design preserves both timestamped structured evidence
and narrative clinical summaries, allowing the same patient trajectory to sup-
port retrieval, temporal reasoning, and decision-oriented tasks.

Data Filtering To reduce signal redundancy while preserving clinically salient
information, we retain abnormal lab results following prior work [6]. We further
filter for patients with > 15 hospitalizations and complete admission/discharge
records, obtaining 355 patients and 6,999 visits, with an average of 19.72 visits
per patient (median=18.00, SD=5.72). This threshold provides sufficient tem-
poral depth for long-horizon tasks while retaining an adequate cohort size. The
resulting cohort is a dense, high-acuity stress-test setting rather than a represen-
tative sample of the full MIMIC-IV population. This filtering may remove normal
measurements that indicate recovery or help rule out disease; thus, abnormal-
event filtering should be viewed as a benchmark construction choice rather than
a universal EHR preprocessing rule.

Event Stream Construction Following the three-level trajectory design, each
patient P is represented by an ordered visit sequence Sp := {Vi,Va, ..., Vn},
where V; is the i-th visit ordered by admission time. This patient level preserves
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the cross-visit trajectory needed for long-horizon memory and temporal reason-
ing. On average, each visit V; contains 44.91 medical events (median=25.00,
SD=70.32).

At the visit level, each visit V; is represented as an ordered event stream.
The event stream begins with an admission event E24™  is followed by a series of
specific medical events, and ends with a discharge event EZ‘»hS. It can therefore be
denoted as V; := {E2dm Bl E2 ... Eds}. This level aligns structured hospital
events with note-derived admission and discharge summaries, providing visit
boundaries for temporal tasks.

At the event level, a medical event is any discrete clinical occurrence ex-
tracted from EHR tables or note-derived sources. Formally, the k-th event in
V); is represented as E¥ := (a¥,t¥ pF oF), where a¥ is the action type from the
clinical action space A, such as lab test, medication, procedure, microbiology
test, or imaging; tf is the timestamp; pf is the action parameter; and of is the
corresponding observation result.

Memory Dataset Generation We create three memory modules to compare
compressed narrative history, detailed event history, and immediate interaction
context under the same patient trajectory.

1. Note Memory: M%’J) = {N;,Nit1,...,Nj_1}, which contains contin-
uous visit-level summaries from V; to V;_;. These summaries emphasize the
global trajectory rather than detailed event recall.

2. Event Memory: Mg’]) = {V;,Vit1,...,Vj_1}, which contains the or-
dered visit-level event streams from V; to V;_i. Since each Vj is defined as

{padm El E2 .. E&s} event memory can be flattened into a single chrono-
logical patient trajectory.
3. Context Memory: M(CZ’T) = {(ro,m0), (r1,m1),...,(rp,mp)}, where

ry, and my denote the dialog role and message content. Any E¥ with t¥ < T is
transformed into an LLM-style trajectory using an LLM: {(assistant,{a?,t? ,p? ),

(user,{ f]k,tfl})}, where fF and t;?/ denote simulated feedback from the clinical

environment and the corresponding timestamp inferred from 0;?. This simulates
the agent’s immediate interaction state.

2.2 Benchmark Question Generation

Based on the memory modules {M%’j), M%’j), Mg’T)}, we construct three pro-
gressively challenging task families spanning factual QA, temporal reasoning, and
long-horizon decision-making, reflecting increasingly global memory dependency.

Factual QA This task evaluates precise retrieval and temporal alignment
within the agent’s event memory. For each question, we sample a ground-truth
event EF from V; and reformat it into one of two formats: explicit questions
include t¥ in the query text, evaluating direct retrieval capacity (e.g. what is the
Chief Complaint at 2108-07-12 19:12:00 at Visit n?); relative questions remove
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timestamps and specify relative temporal relationships (e.g. what is INR(PT) in
the 7th lab of Visit n?). The questions require the agent to recover source-derived
factual details p¥ or of from a redundant memory window /\/l —maitmtl) , where
m controls the window size. We place V; in the middle of the window to evalu-
ate retrieval from non-recency-favored regions of long-context memory [13]. For
automatic scoring, models are prompted with few-shot examples to return ex-
act source values without paraphrasing. Outputs are normalized and evaluated
by exact matching against source-derived targets, prioritizing retrieval precision
over semantic paraphrase flexibility.

Temporal Reasoning This task evaluates the agent’s ability to reconstruct
chronological order at different memory granularities. The evaluation score is
measured by Kendall’s 7. Given a target event stream S or one of its visits V;,
we design three subtasks using the original order as ground truth, each targeting
a distinct level of temporal reasoning. Visit cloze tests event-level reasoning:
several intervention events EF € V; with timestamps preserved are masked and
provided to the agent as a shuffled list. The agent must insert each event back
to its original position. Visit sorting evaluates visit-level ordering: five shuffled
visit summaries N € ME\Z/H_@ must be ordered solely by clinical progression cues
with timestamps removed. Joint sorting assesses integrated capacity: five visits
are split into ten admission/discharge clips. The agent must correctly pair the
clips for each visit and order them chronologically.
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Long-Horizon Decision Making This task measures history-consistent ac-
tion decision-making, as recorded EHR actions reflect real practice rather than
prospectively validated gold standards; questions are multiple-choice with LLM-
generated clinically plausible distractors. From V,,, we sample a ground-truth

event EiGT, and define the agent’s working context S = M(Cl’t’gT). For question
@, we randomly select one of the following three formats: next action prediction
requires the agent to predict a$T; argument prediction evaluates inference for
pST; discharge decision queries if the patient can be discharged within 6h. To
handle the gold-answer limitation and lab result cut, lab events are excluded
from building two prediction tasks, and a time-decay scoring mechanism is ap-
plied to recognize events that occur within 24h after tiGT, as shown in Figure 2.
The agent can refer to injected memory M = Mg’n) or MS\I,’") during infer-
ence. Unlike prior tasks, this task requires integrating immediate state S with
long-term memory M to produce clinically coherent decisions.

3 Experiments and Results

3.1 Experimental Setup

To evaluate medical agents in long-horizon clinical decision-making, we deployed
representative long-context LLMs with their default configurations as agent
backbones, including GPT-5-mini [16], Qwen-Turbo [19], and DeepSeek-V3.2 [3].
Following common retrieval protocols in long-horizon tasks [22,14], we set up
three memory architectures: (1) Naive Long-Context. Memories from preceding
visits are directly packed into the LLM’s context window without external re-
trieval tools. (2) RAG. text-embedding-3-small [17] is used to vectorize memory
entries; the agent can retrieve top-K similar memory fragments when answering
the question. (3) Agent Memory System. Mem0 [1], an open-source agent memory
framework, is deployed to maintain a persistent vector store with embedding-
based semantic search. The agent can add, update, retrieve, and analyze mem-
ories across extended interaction histories [1].

3.2 Results

Factual QA We evaluate naive long-context LLMs using Qwen-Turbo, with
window sizes from {3,5,7} (i.e., m € {1,2,3}) and full history (m = o0), and
compare them with the Agent Memory system (Mem0). Results in Table 2 re-
port Lab-T (recall) and Lab-F (rejection) to assess hallucination impact. Table 2
shows that the naive LLM’s performance decays severely as history grows, drop-
ping from 0.882 to 0.423 in explicit retrieval, with low Lab-F scores (<0.570)
highlighting a pervasive hallucination bias. The benefit of the Agent Memory
system varies across task types. MemO achieves near-optimal results in explicit
Lab-T (0.993) and Medication (0.983), but its relative performance (Avg. 0.331)
remains inferior. This suggests that memory augmentation can improve access
to certain factual records but does not by itself provide temporal alignment or
relational indexing across events.
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Table 2: Performance on Factual Retrieval under Explicit and Relative Settings.
Explicit Relative
L-Tf L-F9 L-O" Med. Img. Adm/Dis Avg. L-Tf L-F9 L-O" Med. Img. Avg.

0.96 0.57 0.83 0.84 0.89 0.97 0.88 0.91 0.58 0.80 0.78 0.84 0.80
0.92 051 078 0.71 0.81 092 0.81 0.86 0.52 0.74 0.64 0.74 0.71
0.86 050 0.74 0.61 0.75 0.87 0.74 0.80 0.50 0.70 0.55 0.68 0.64
oo 0.63 029 051 0.28 041 046 042 052 028 044 023 036 0.34
em0 0.99 043 0.80 0.98 0.07 0.98 0.74 0.71 0.57 0.66 0.17 0.13 0.33

L-T: Lab-T, recall of existing lab indicators. 9L-F: Lab-F, rejection of absent lab indicators.
L-O: Overall accuracy of lab events.
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Table 3: Temporal reasoning performance (Kendall’s 7) on LongMedBench.

visit__cloze visit__sorting joint__sorting
Model N Mean Std N Mean Std N Mean Std
DeepSeek-V3.2 6776 0.316 0.352 765 0.258 0.523 2878 0.132 0.346
GPT-5-mini 6776 0.925 0.220 765 0.376 0.552 2878 0.295 0.439
DeepSeek-V3.2-Thinking 6776 0.969 0.124 765 0.424 0.549 2878 0.330 0.425
Qwen-Turbo 6776 0.047 0.257 765 0.114 0.456 2878 0.033 0.256

Temporal Reasoning Table 3 presents Kendall’s 7 across three progressive
temporal tasks. In event-level Visit Cloze, top models achieve strong perfor-
mance (GPT-5-mini: 0.925; DeepSeek-V3.2-Thinking: 0.969), confirming that
strong LLMs can use explicit timestamp cues. Performance drops sharply in
Visit Sorting, where timestamps are removed and models must infer order from
clinical progression. Joint Sorting is harder still, with the best mean 7 decreas-
ing to 0.330, showing the added difficulty of fragmented admission-discharge ev-
idence. This explicit-to-implicit performance gap indicates that current models
can leverage explicit time anchors but still struggle to infer clinical progression
from fragmented multi-visit evidence. Figure 3 summarizes these trends.

Model Performance vs. Number of Options (visit_cloze) Difficulty Increase: Visit Sorting vs. Joint Sorting

Kendall's ©

/
T~
~..

(a) Mean Kendall’s 7 vs. number of op- (b) Comparison between joint sorting
tions in wvisit_cloze. and wisit_sorting.

Fig. 3: Temporal reasoning analysis.
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Table 4: Long-context LLM performance on Long-Horizon Decision Making.

Note Memory Event Memory
Model T3-A T3-D T3-N Avg T3-A T3-D T3-N Avg
Qwen-Turbo 0.475 0.604 0.309 0.434 0.494 0.604 0.309 0.420
DeepSeek-V3.2 0.478 0.607 0.278 0.422 0.493 0.607 0.304 0.439
GPT-5-mini 0.478 0.625 0.324 0.445 0.494 0.607 0.335 0.452

DeepSeek-V3.2-Thinking 0.471 0.578 0.294 0.420 0.466 0.593 0.290 0.419

Table 5: Ablation study on Long-Horizon Decision Making.

Visit Injection Memory Architecture
n Memory T3-A T3-D T3-N Avg Arch Memory T3-A T3-D T3-N Avg
0% None 0.49 0.61 0.32 0.45 RAG event 0.45 0.51 0.29 0.40
2 event 0.49 0.60 0.32 0.44 MemO event 0.47 0.62 0.31 0.44
5 event 0.48 0.60 0.31 0.43 RAG note 0.48 0.60 0.31 0.44
2 note 0.48 0.60 0.32 0.44 MemO note 0.46 0.56 0.29 0.41

5 note 0.48 0.60 0.32 0.44

*Baseline with no memory injected.

Long-Horizon Decision Making We first evaluate Naive Long-Context un-
der a common 128K-token input cap for this experiment. As shown in Table 4,
structured event memory outperforms note memory for most models, and GPT-
5-mini achieves the best average performance. Thinking mode does not consis-
tently improve long-horizon decision-making, suggesting that explicit reasoning
traces alone do not guarantee better use of longitudinal history. This further sep-
arates decision-making performance from the timestamp-based ordering success
observed in temporal reasoning.

To analyze the Lost-in-Middle [13] effect with Qwen-Turbo as the baseline
model, we (1) adjusted the number of injected historical visits and (2) imple-
mented RAG and Mem0 architectures as retrieval sources in separate experi-
ments. As shown in Table 5, performance changes are small and remain close
to the full-memory condition, while increasing the injected history length yields
slight declines. The performance differences between Mem0O and RAG are also
minimal, both close to the baseline performance, indicating that existing memory
augmentation architectures offer limited gains for long-horizon decision-making
in this setting.

Notably, while RAG and MemO help factual retrieval, they provide limited
gains for long-horizon decision-making. This negative result is an intended di-
agnostic finding of LongMedBench: agents may retrieve patient history with-
out reliably integrating it into clinical decision reasoning. Therefore, the bench-
mark exposes a gap between memory access and history-aware decision reasoning
rather than merely measuring whether more history can be inserted into context.
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4 Conclusion

We introduce LongMedBench, a real-world EHR benchmark for long-horizon
clinical reasoning with medical agents. By converting MIMIC-IV records into
multi-session event streams and controlled memory datasets, LongMedBench
evaluates factual QA , temporal reasoning, and long-horizon decision-making. Ex-
periments show that models use explicit timestamps effectively but still struggle
with implicit temporal reasoning. Memory augmentation improves factual re-
trieval more than long-horizon decision-making, revealing a gap between access-
ing historical evidence and using it for clinical decision reasoning. Since recorded
EHR actions are observational references rather than unique optimal decisions,
future work should add expert-validated annotations and account for multi-
ple valid next steps. Overall, LongMedBench supports the study of cross-visit
memory, temporal inference, and the limitations of current medical agents in
longitudinal EHR settings.
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