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Abstract: Interactive medical diagnosis requires sequential symptom elicitation before a diagnosis can 

be established. Although recent approaches employ reinforcement learning and transformer-based 

agents, their performance has not been adequately contextualized against a classical probabilistic base-

line. This study introduces a training-free symbolic baseline that derives conditional symptom proba-

bilities and three rule slots—must-have, exclusion, and critical—from co-occurrence counts in simu-

lated patient records. Candidate diseases are ranked using observed evidence, while subsequent ques-

tions are selected by expected information gain. Evaluation on five benchmarks from a published re-

inforcement learning study reveals distinct performance regimes. On MedlinePlus (893 diseases), the 

proposed method achieves 99.27 ± 0.09% accuracy with an average of 1.75 questions, outperforming 

the published baseline (96.2 ± 0.1%; 3.41 questions). Across four SymCat variants, it improves accuracy 

by 3.03–7.70 percentage points but requires approximately twice as many questions; at a matched 

budget of 8.98 questions, the reference method achieves higher accuracy, highlighting a trade-off be-

tween diagnostic accuracy and interaction cost. Ablation experiments across six datasets show that 

removing weighted evidence combination reduces accuracy by 35.4–65.4 percentage points, while elim-

inating symptom inquiry reduces it by 23.3–66.8 percentage points. The safety veto removes up to 

50.2% of candidates on average but changes the final diagnosis in at most 0.17% of consultations, 

indicating limited incremental impact on predictive accuracy under the evaluated configurations. Rule-

base derivation takes 1.8 s for 893 diseases on a CPU. As all benchmarks rely on simulated patients, 

these findings establish benchmark-level performance rather than clinical effectiveness. 

Keywords: Expected information gain; Explainable clinical decision support; Medical automatic    

diagnosis; Naive Bayes; Reinforcement learning; Rule-based expert system; Symptom inquiry;    

Training-free diagnosis. 

 

1. Introduction 

Medical automatic diagnosis treats the clinical interview as a sequential decision prob-
lem. A system receives an initial complaint, asks about further symptoms one at a time, and 
stops when it is confident enough to name a disease [1]. Two costs are traded against each 
other. Symptoms collected beyond the initial complaint raise diagnostic accuracy [2], but long 
interviews burden the patient and, when examinations are involved, raise the cost of care. 
The task therefore has two natural metrics: the accuracy of the final diagnosis and the number 
of questions needed to reach it. 

Research on this problem has converged on reinforcement learning (RL). Early formu-
lations merged asking and diagnosing into one policy [3]–[7], later designs separated the two 
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decisions [8], and Yuan and Yu [9] aligned them through an adaptive stopping criterion, re-
porting the strongest published results on five benchmarks. Transformer formulations fol-
lowed a similar path [10], [11].  

Four limitations of this line of work motivate the present study. First, the inquiry policy 
resides in network weights, so the system cannot state why it asked about fever rather than 
cough, although explainability is regarded as a precondition for medical artificial intelligence 
[12], [13] and the evaluation of explanations has itself become the subject of systematic review 
[14]. Second, training consumes large numbers of simulated episodes, which is impractical in 
domains where no patient simulator exists and rule bases are still written by hand, as they are 
for maternal care in low-resource settings [15]. Third, no mechanism prevents a clinically 
impossible diagnosis from receiving a high probability, because a softmax over learned logits 
cannot express a hard constraint; hybrid designs therefore keep such knowledge outside the 
network, in symbolic rules or knowledge graphs [16], [17]. Fourth, the reported gains have 
not been measured against a classical alternative, so it is unknown how much of the margin 
belongs to the learned policy and how much to the probabilistic formulation that any reason-
able baseline would share. The size of that margin matters in practice, because online symp-
tom checkers name the correct primary diagnosis in only 19% to 37.9% of cases [18], and 
systematic reviews warn that relying on them could compromise patient safety and call for 
validation before wide adoption [18], [19]. 

Sequential diagnosis by probabilistic inference is decades older than this literature. The 
Bayesian formulation, question selection by an information measure, and large probabilistic 
knowledge bases were established between 1956 and 1992 [20]–[27], as Section 2.2 reviews. 
None of these methods appears as a baseline in recent comparative studies of symptom in-
quiry. This omission matters because carefully specified baselines have repeatedly closed gaps 
that had been attributed to architectural progress. Reported advances in metric learning and 
in neural recommendation shrank or disappeared once simple methods received equal tuning 
effort [28], [29], and reported gains in deep RL proved hard to separate from variance and 
implementation detail [30]. This study applies the same scrutiny to symptom inquiry. 

This study constructs a training-free symbolic system from established components and 
evaluates it with the benchmarks, protocol, and reporting conventions of Yuan and Yu [9], 
whose study and method are referred to below as the reference study and the reference 
method. Table 1 distinguishes established components from the contributions of this study, 
which are fourfold: (i) a procedure that derives must-have, exclusion, and critical rule slots 
from corpus counts rather than expert elicitation; (ii) a weighted evidence-combination 
method that scores diseases using observed evidence, replacing the match-ratio scoring of 
conventional expert systems; (iii) an evaluation of the assembled baseline on six datasets using 
a simulation protocol verified against the reference implementation, with remaining differ-
ences explicitly documented, including ablations of every component and rule slot; and (iv) a 
matched-budget analysis of the trade-off between diagnostic accuracy and interaction cost 
relative to the reference method. The central claim is not that these components are novel 
individually, but that their combination has been missing from comparative evaluations and 
that including it changes how the benchmark results should be interpreted. 

The remainder of this paper is organized as follows. Section 2 reviews symptom-inquiry 
methods and the classical probabilistic tradition and explains the choice of components. Sec-
tion 3 describes the data flow, the rule derivation, the scoring function, the safety veto, the 
question selector, the consultation loop, and the evaluation protocol. Section 4 reports the 
comparison with published methods, the ablation studies, and the trade-off between accuracy 
and interaction cost, and then discusses the findings and their limitations. Section 5 concludes. 

2. Related Work 

2.1. Sequential Symptom Inquiry 

Early systems merged asking and diagnosing into a single action space, which forced the 
agent to search a larger space than the task requires [3]–[6]. Xia et al. [7] kept a single policy 
but regularized it with a generative adversarial objective and rewarded the most discriminative 
symptoms through a mutual-information term. Bipartite designs separated the two decisions: 
Lin et al. [8] added an introspective module that intervenes on candidate responses and stops 
once the diagnosis becomes stable, and He et al. [31] replaced the agent altogether with a 
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bipartite framework that selects symptoms by an information-theoretic reward and diagnoses 
with a variational encoder. 

Yuan and Yu [9] made the coupling adaptive. Their agent is trained with a composite 
reward and their classifier with a cross-entropy loss, and the transition from asking to diag-
nosing is governed by a per-disease entropy threshold that is updated whenever a diagnosis 
proves correct. They also released a benchmark built from the MedlinePlus knowledge base, 
which contains 893 diseases, is substantially larger than the SymCat subsets used previously, 
and includes medical examinations. 

Two properties make [9] the primary comparator. It reports the strongest published ac-
curacy on all five benchmarks, so exceeding it implies exceeding the other methods on the 
same data, and it released the knowledge bases, the patient generator, and the training code, 
which allows the simulation protocol to be verified rather than assumed. The three methods 
it compares against, REFUEL [3], INS-DS [8], and FIT [31], published later as BSODA, are 
included in the present comparison with their published figures. REFUEL and INS-DS were 
re-implemented by [9], whereas the FIT figures are quoted there from its own paper. 

Transformer variants replace the agent with sequence models. DxFormer [10] decouples 
inquiry from diagnosis in a decoder-encoder design with dense symptom representations, and 
Zhang et al. [11] inject records of physician diagnostic behavior into the model. Recent bench-
marks of questioning efficiency in large language models [32] show that the number of ques-
tions required for a confident diagnosis remains an open problem, and sequential diagnosis 
agents built on language models are now evaluated on the same trade-off between accuracy 
and interaction cost [33]. 

2.2. Probabilistic and Rule-Based Diagnosis 

The probabilistic treatment of diagnosis is older than the neural one. Ledley and Lusted 
[20] expressed diagnosis as inference over disease probabilities given the observed symptoms. 
Gorry and Barnett [21] added the sequential element, choosing each next question by a deci-
sion-theoretic criterion instead of a fixed order. The value of an observation had been for-
malized earlier by Lindley [26], as the expected reduction of entropy, and by Howard [27]; 
that measure is the criterion adopted in this paper. De Dombal et al. [22] applied the condi-
tional-independence approximation to acute abdominal pain and reported an accuracy ex-
ceeding that of the attending clinicians. 

Knowledge-based systems followed a different route. INTERNIST-1 [23] encoded 
manually curated disease profiles for internal medicine, QMR-DT [24] recast that knowledge 
base in probabilistic form, and Pathfinder [25] combined expert elicitation with normative 
decision theory. The recurring obstacle was knowledge acquisition, because every disease pro-
file consumed expert time. Contemporary rule-based clinical systems face the same constraint, 
including systems developed for maternal complications in low-resource settings [15]. 

Neuro-symbolic designs have renewed interest in symbolic reasoning where auditability 
is required. Prenosil et al. [34] linked a large language model to a rule-based verifier to produce 
traceable labels from clinical reports, and a recent review positions this combination as a 
viable direction for medicine [35]. Knowledge graphs serve a similar purpose, either as the 
substrate of interpretable hybrid reasoning [16] or as a factual constraint on a generative 
model [17], and large medical knowledge graphs are now assembled from several sources to 
supply such knowledge [36]. A related strand distills a trained network into a rule set whose 
decisions can be read [37]. These systems perform passive information extraction, answer 
generation, or post hoc explanation rather than interactive diagnosis. 

2.3. Rationale for the Choice of Components 

Each of the three components answers a specific requirement of the task, and each al-
ternative that was considered fails a requirement that matters here. 

Scoring has to produce a calibrated distribution over diseases rather than a ranking, be-
cause the question selector uses that distribution as its prior. A naive Bayes log-likelihood 
provides one in closed form from the conditional probabilities that the derivation step already 
estimates, and each term remains interpretable as a prevalence. A Bayesian network with 
learned structure would relax the independence assumption, but it requires structure learning 
from data that these knowledge bases do not provide and would forfeit the property that 
motivates the baseline, namely that no parameter is fitted. Discriminative classifiers such as 
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gradient-boosted trees perform well on complete feature vectors, but they degrade under the 
pattern of missing values that dominates the first turns of an interview and provide no per-
symptom accounting. 

Question selection has to be computable at run time without a policy network and has 
to justify each question in a unit that a clinician can read. Expected information gain (IG) 
satisfies both requirements: it follows from the same conditional probabilities, costs one pass 
over the candidate pool, and is measured in bits. A decision tree induced offline would also 
avoid training at run time, but it fixes the question order in advance and cannot react to an 
unexpected answer. A learned policy is what the reference method already provides, so Sec-
tion 4.3 compares IG with a heuristic discriminative selector instead. 

Rule slots express what a probabilistic score cannot. A posterior can be made arbitrarily 
small but not zero, so a purely probabilistic system cannot exclude a diagnosis that contradicts 
the evidence. The slots provide that exclusion, and deriving them from counts rather than 
from clinicians makes them usable at the scale of 893 diseases, where elicitation is impractical. 

2.4. Position of the Present Study 

The review identifies two gaps: symptom-inquiry studies report no classical sequential 
diagnosis baseline, and the rule-based tradition still depends on manual knowledge acquisi-
tion. This study addresses both by deriving rule slots from data and by evaluating the resulting 
system against published RL results under a verified protocol. Table 1 lists the elements 
adopted from existing work and those contributed here. 

Table 1. Established components and contributions of this study 

Element Status Source or section 

Log-likelihood combination of observed evidence Established 
Naive Bayes under condi-

tional independence [20], [22] 

Expected information gain as the question     

criterion 
Established 

Value of information [26], 

[27]; sequential diagnosis [21] 

Hard constraints and safety filtering Established Expert systems [23], [25] 

Conditional probabilities estimated from a    

simulated patient corpus 
Contributed Section 3.2 

Rule slots derived from corpus counts with a 

specificity requirement 
Contributed 

Section 3.3; ablation in Sec-

tion 4.4 

Scoring from observed evidence only, replacing 

the match ratio 
Contributed Section 3.4 

Evaluation of the assembled system on six     

datasets under a verified protocol 
Contributed Sections 3.8, 4.1, and 4.2 

Component and rule-slot ablations Contributed Sections 4.3 to 4.5 

Matched-budget analysis of accuracy and       

interaction cost 
Contributed Section 4.6 

3. Proposed Method 

3.1. Overview and Terminology 

The proposed system consists of two stages: an offline stage for constructing the sym-
bolic rule base and an online stage for interactive diagnosis. In the offline stage, a single pass 
over a patient-record corpus is used to estimate conditional probabilities for each disease–
symptom pair and derive three rule slots representing necessity, contradiction, and character-
istic association. In the online stage, the system iteratively scores candidate diseases based on 
the evidence collected, applies a safety veto, evaluates the stopping criterion, and selects the 
next question when further inquiry is required. The overall workflow and the interactions 
between these components are illustrated in Figure 1. Since the benchmarks used in this study 
provide knowledge bases rather than actual patient records, it is important to distinguish the 
original knowledge sources from the simulated patient records generated from them. To en-
sure consistent interpretation of the experimental setup and findings, the key terms used 
throughout this paper are defined in Table 2. 
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Figure 1. Data flow and components of the proposed system 

Table 2. Terminology used in this paper 

Term Meaning in this paper 

Knowledge base 
The released mapping from each disease to its symptoms and examinations, 

with symptom prevalences on SymCat. It contains no patient records. 

Patient simulator 
The procedure that draws a disease and a set of symptoms from the 

knowledge base, replicated from the reference implementation (Section 3.8). 

Simulated patient 
One record produced by the simulator: a true disease, an initial complaint, 

and the symptoms that questions can still reveal. 

Derivation, valida-

tion, and test splits 

Three disjoint sets of patients, used for counting, for choosing the rule-item 

threshold θitem (Section 3.3), and for reporting results, respectively. 

Derivation corpus 
The patients of the derivation split are scanned once to obtain the counts of  

Section 3.3. On DDXPlus, this is the released training file. 

Rule base 
The output of rule derivation: P(e|d) for every disease-symptom pair and the 

must-have, exclusion, and critical slots. 

3.2. From Knowledge Base to Derivation Corpus 

The conditional probabilities of Section 3.3 are estimated from patient records rather 
than read from the knowledge base. MedlinePlus and SymCat provide no patient records, so 
the simulator described in Section 3.8 generates them, and the counts 𝑛(𝑑), 𝑛(𝑒), and 𝑛(𝑒, 𝑑) 
are accumulated over the simulated patients. DDXPlus provides released patient records, 
which are used directly. 

Estimating from simulated patients rather than from the knowledge base is deliberate. 
A knowledge base lists the symptoms of a disease but not how often each appears in a simu-
lated patient. On SymCat, the two differ because every symptom is drawn independently at 
its own prevalence; on MedlinePlus, they differ because the simulator draws a Poisson-dis-
tributed subset of symptoms but attaches every examination deterministically, so examina-
tions reach 𝑃(𝑒|𝑑) close to one, whereas individual symptoms do not. Counting over simu-
lated patients recovers these frequencies, which makes the estimator consistent with the gen-
erative process of each benchmark. Section 4.7 discusses what this implies for the interpreta-
tion of the results. 

The three splits (Table 2) are drawn with different random seeds and do not overlap, 
and no test-split result influenced any configuration choice. The splits share the knowledge 
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base from which they are generated. This is unavoidable for knowledge-base benchmarks and 
applies equally to the reference method, whose agent is trained on patients drawn from the 
same knowledge base. On DDXPlus, the splits are the released training, validation, and test 
files, which are disjoint by construction. 

3.3. Automatic Rule-Slot Derivation 

Rule-based diagnostic systems require an expert to state, for every disease, which symp-
toms must be present, which symptoms exclude the disease, and which are strongly charac-
teristic of it. Obtaining these statements is the knowledge acquisition bottleneck, which this 
step replaces with estimation from counts. Let 𝑁 be the number of patients in the derivation 

corpus, 𝑛(𝑑) the number with disease 𝑑, 𝑛(𝑒) the number with symptom 𝑒, and 𝑛(𝑒, 𝑑) 
the number with both. Then 

𝑃(𝑒|𝑑) =
𝑛(𝑒, 𝑑)

𝑛(𝑑)
, 𝑃(𝑒) =

𝑛(𝑒)

𝑁
 (1) 

𝑃(𝑒|¬𝑑) =
[𝑛(𝑒) − 𝑛(𝑒, 𝑑)]

[𝑁 − 𝑛(𝑑)]
 (2) 

where 𝑃(𝑒) is the prevalence of 𝑒 in the corpus. Two derived measures separate frequency 
from specificity: the lift expresses how much more often a symptom accompanies a disease 
than it occurs in general, and the discriminative margin expresses how strongly the symptom 
distinguishes the disease from all others, 

lift(𝑒, 𝑑) =
𝑃(𝑒|𝑑)

𝑃(𝑒)
, disc(𝑒, 𝑑) = 𝑃(𝑒|𝑑) − 𝑃(𝑒|¬𝑑) (3) 

The must-have slot must(𝑑), the exclusion slot excl(𝑑), the critical slot crit(𝑑), and 
the set of rule items(𝑑) are thresholded sets: 

must(𝑑) = {𝑒: 𝑃(𝑒|𝑑) ≥ 𝜃𝑚𝑢𝑠𝑡 ∧ 𝑑𝑖𝑠𝑐(𝑒, 𝑑) ≥ 𝛿𝑚𝑢𝑠𝑡} (4) 

excl(𝑑) = {𝑒: 𝑃(𝑒|𝑑) ≤ 𝜃excl ∧ 𝑃(𝑒) ≥ 𝜋min ∧ 𝑑𝑖𝑠𝑐(𝑒, 𝑑) ≤ −𝛿excl} (5) 

crit(𝑑) = {𝑒: lift(𝑒, 𝑑) ≥ 𝜆 ∧ 𝑃(𝑒|𝑑) ≥ 𝜃crit} (6) 

items(𝑑) = {𝑒: 𝑃(𝑒|𝑑) ≥ 𝜃item} (7) 

Table 3. Parameters of the proposed system 

Symbol Value Role 

𝜃must, 𝛿must 0.95, 0.10 Must-have slot, Equation (4); at most 4 symptoms, largest disc first 

𝜃excl, 𝜋min, 𝛿excl 0.02, 0.05, 0.10 Exclusion slot, Equation (5); at most 8 symptoms, most negative disc first 

𝜆, 𝜃crit 3.0, 0.10 Critical slot, Equation (6); at most 8 symptoms, largest lift first 

𝜃item 
0.10 (MedlinePlus, DDXPlus); 0.005 

(SymCat) 
Rule items, Equation (7) 

𝛽 0.01 Weight of a symptom outside items(d), Equation (8) 

𝜀 10−6 Lower bound inside every logarithm, Equations (9) and (12) 

|𝐶| 50 Size of the candidate pool, Section 3.6 

B 30 Question budget, Section 3.7 

 

A symptom enters must(𝑑) when it is almost always present under 𝑑 and also specific 

to 𝑑, enters excl(𝑑) when it is common in general but almost never accompanies 𝑑, and 
enters crit(𝑑) when it is far more frequent under 𝑑 than overall. The specificity condition 
in Equation (4) is essential. Without it, frequent but uninformative symptoms satisfy the must-
have threshold for many diseases at once: on DDXPlus, removing the condition made an 
uninformative context feature a must-have symptom for 37 of the 49 pathologies, which 
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raised the scores of all candidates together and removed the margin between them. Equations 
(4) to (6) define the sets before truncation. Each slot then keeps only its most extreme mem-

bers, and a symptom that qualifies for both must(𝑑) and crit(𝑑) is kept only in must(𝑑), 
so that no evidence is counted twice. Table 3 lists the numerical parameters of the system; 
the stopping thresholds, which are fixed constants of the consultation loop, are given in Sec-
tion 3.7. 

3.4. Weighted Evidence Combination 

Conventional rule-based scoring computes the fraction of the rule items of a disease that 
the patient has confirmed. This formula treats a symptom that has not yet been asked about 
exactly like a symptom that the patient has denied. Because almost every symptom is un-
known at the start of an interview, the ranking is then driven by the length of each rule list 
rather than by the evidence. The proposed score uses observed evidence only. Let 𝐸+ and 

𝐸− denote the sets of confirmed and denied symptoms. The evidence weight 𝑤(𝑒, 𝑑) of 
symptom e for disease d is 

𝑤(𝑒, 𝑑) = 𝑃(𝑒|𝑑) for 𝑒 ∈ items(𝑑), 𝑤(𝑒, 𝑑) = 𝛽 for 𝑒 ∉ items(𝑑) (8) 

and the score of d is an approximate log-likelihood of the observed evidence under condi-

tional independence, in which denied symptoms outside items(𝑑) are ignored, 

score(𝑑) = ∑ log
𝑒∈𝐸+

max[𝑤(𝑒, 𝑑), 𝜀] + ∑  log
𝑒∈𝐸−∩𝑖𝑡𝑒𝑚𝑠(𝑑)

max[1 − 𝑃(𝑒|𝑑), 𝜀] (9) 

where log is the natural logarithm, and 𝜀 keeps every logarithm finite. The two sums treat a 
symptom outside items(𝑑) differently. A confirmed symptom that d does not list receives 

the weight 𝛽, so a disease that cannot account for a reported symptom is penalized without 
being eliminated. A denied symptom that d does not list contributes nothing, because a dis-
ease that never produces the symptom gains nothing from its absence. 

Equation (9) is an approximate log-likelihood of a naive Bayes model and plays the role 
that certainty factors play in classical expert systems, with weights estimated from data rather 
than assigned by experts. Each term remains interpretable: a contribution of log 0.95 states 
that the symptom occurs in 95% of the cases of that disease. Because each question adds only 
a few observations, the scores are updated incrementally, which reduces the cost of a turn 
from the product of the number of rules and observations to the number of rules. 

3.5. Safety Veto and Posterior 

A candidate is vetoed when the patient denies one of its must-have symptoms or con-
firms two of its exclusion symptoms. With 𝐷 the set of all diseases, the set of vetoed candi-
dates is 

𝑉 = {𝑑 ∈ 𝐷: must(𝑑) ∩ 𝐸− ≠ ∅ ∨ |excl(𝑑) ∩ 𝐸+| ≥ 2} (10) 

Scores are converted into a posterior distribution by a softmax with unit temperature 
over the candidates that are not vetoed, 

𝑝(𝑑) =
exp[score(𝑑)]

𝛴𝑑′
∈ 𝐷\𝑉  exp[score(𝑑′)]for 𝑑 ∉ 𝑉, 𝑝(𝑑) = 0 for 𝑑 ∈ 𝑉 (11) 

which, for the approximate log-likelihoods of Equation (9), is up to that approximation, 
the Bayes posterior under a uniform prior over the remaining diseases. A vetoed candidate is 
removed from the normalization rather than given a small weight, so no amount of evidence 
can restore it. Applying the veto before normalization therefore makes the guarantee con-
structive rather than probabilistic. If every candidate were vetoed, the system would fall back 

to a uniform distribution over 𝐷 and still return a ranking. 

3.6. Question Selection by Expected Information Gain 

The next question is the one whose answer is expected to reduce the uncertainty about 

the diagnosis the most. The computation is restricted to the candidate pool 𝐶 of the |𝐶| 
diseases with the highest posterior, renormalized as 
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𝑝𝑖 =
𝑚𝑎𝑥[𝑝(𝑑𝑖), 𝜀]

𝛴𝑗∈𝐶 𝑚𝑎𝑥[𝑝(𝑑𝑗), 𝜀]
, 𝐻(𝑝) = −𝛴𝑖∈𝐶𝑝𝑖 log2 𝑝𝑖 (12) 

where 𝑝𝑖 is the renormalized posterior of the 𝑖-th candidate, 𝑖 and 𝑗 index the diseases in 

𝐶, 𝐻(𝑝) is the entropy of the pool distribution in bits, and 0 log2 0 is taken as 0, which 

matters for 𝐻(𝑝+) and 𝐻(𝑝−) in Equation (15), where an entry can be exactly zero. For a 

candidate symptom 𝑒, the predicted probability 𝑞(𝑒) of a positive answer and the pool dis-

tributions 𝑝+ and 𝑝− after a positive and a negative answer are 

𝑞(𝑒) = 𝛴𝑖∈𝐶  𝑝𝑖  𝑤(𝑒, 𝑑𝑖) (13) 

𝑝𝑖
+ = 𝑝𝑖

𝑤(𝑒, 𝑑𝑖)

𝑞(𝑒)
,     𝑝𝑖

− = 𝑝𝑖
[1 − 𝑤(𝑒, 𝑑𝑖)]/[1 − 𝑞(𝑒)] (14) 

and the expected information gain of asking about 𝑒 is 

IG(𝑒) = 𝐻(𝑝) − 𝑞(𝑒)𝐻(𝑝+) − [1 − 𝑞(𝑒)]𝐻(𝑝−) (15) 

The selector uses the evidence weights of Equation (8) for both answers. For a denied 

symptom outside items(𝑑), it therefore assigns the factor 1 − 𝛽= 0.99, whereas Equation (9) 
assigns 1, a difference of at most one percent per symptom. Because the gain is computed 
rather than learned, every question carries a justification in bits, and the ranked alternatives 
can be inspected. 

3.7. Consultation Loop 

Algorithm 1 combines Sections 3.4 to 3.6 into the online consultation loop, and the 
remainder of this subsection specifies the details that the equations leave open. 

 

Algorithm 1. Online consultation loop 

INPUT: rule base (Section 3.3), initial evidence 𝐸0, question budget 𝐵, pool size 𝐶 
OUTPUT: candidate diseases ranked by p(d), with the questions asked and their gains 

1: Set E+ ← E0, E−← ∅, and 𝑡 ← 0. 
2: Compute score (𝑑) for every 𝑑 ∈ 𝐷 by Equation (9), the vetoed set 𝑉 by Equation 

(10), and 𝑝(𝑑) by Equation (11). 
3: If the stopping rule holds, go to Step 8. 

4: Form the pool 𝐶 of the |𝐶| candidates with the highest 𝑝(𝑑) and the set U of can-
didate symptoms. 

5: Compute 𝐼𝐺(𝑒) for every 𝑒 ∈ 𝑈 by Equations (12) to (15). 

6: If no answerable 𝑒 ∈ 𝑈 has a positive gain, go to Step 8; otherwise, let 𝑒∗ be the 
answerable symptom with the largest gain. 

7: Ask the question for 𝑒∗, add each symptom that it covers to E+ or 𝐸− according to 
the answer, set 𝑡 ← 𝑡 + 1, and return to Step 2. 

8: Return the candidate diseases ranked by 𝑝(𝑑). 
 

Initial evidence. The loop starts from the initial evidence 𝐸0 of the simulated patient. 
On MedlinePlus, 𝐸0 is the initial complaint, a Poisson (2) +1 prefix of the sampled symp-

toms; on SymCat, 𝐸0 consists of the first sampled symptom, which is the initial complaint, 
together with age and sex; on DDXPlus, it is the released initial evidence. Examinations are 
never part of 𝐸0. On DDXPlus, one question can cover several atomic features of the same 
evidence code, and a confirmed value also confirms its parent evidence. 

Candidate symptoms. The set 𝑈 contains every symptom that appears in items(𝑑) for 
some 𝑑 ∈ 𝐶, except symptoms whose status is already known, symptoms whose evidence 

code has already been asked, and symptoms that appear in items(𝑑) for every 𝑑 ∈ 𝐶, which 
separate nothing. A symptom is answerable when the question bank contains a question for 
it; the demographic context features of SymCat are known from the start and have no ques-

tion. The pool size |𝐶| = 50 was fixed for all datasets; enlarging it to 200 during develop-
ment improved accuracy by about one point at 5.7 times the running time 
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Ties. Gains are expressed as a percentage of 𝐻(𝑝) and rounded to two decimals before 
sorting, so exact ties occur, and symptoms whose rounded gain is zero are discarded. The sort 
is stable, and the candidates are enumerated in descending posterior with the rule items of 
each candidate in descending 𝑃(𝑒|𝑑), so a tie resolve to the symptom that appears first under 
the highest-ranked candidate. The selection is therefore deterministic and independent of the 
random seed. 

Stopping rule. Let 𝑝1 and 𝑝2 be the two largest posteriors, 𝑚 =  𝑝1  −  𝑝2 their mar-

gin, and 𝑡 the number of questions asked. The interview stops when 𝑡 ≥ 𝐵. Otherwise, pro-
vided that no must-have symptom of the leading candidate has been denied, it stops before 

the first question if 𝑝1  ≥ 0.92 and m ≥ 0.25, and after at least one question if 𝑝1≥ 0.80 and 
m ≥ 0.18 or if 𝑝1 ≥ 0.88 and m ≥ 0.15; after at least three questions, 𝑝1≥ 0.70 and 𝑚 ≥ 0.12 
also suffice. With the veto enabled, the leading candidate never has a denied must-have symp-
tom, so the proviso matters only when the veto is disabled. These thresholds are fixed con-

stants, shared by all datasets and not tuned. Because the posteriors sum to one, 𝑚 ≥ 2𝑝1 − 
1, so every margin condition above is implied by the corresponding condition on 𝑝1, and the 

second alternative after one question is implied by the first; the rule therefore reduces to 𝑝1≥ 
0.92 before the first question, 𝑝1≥ 0.80 after at least one question, and 𝑝1≥ 0.70 after at least 
three. 

3.8. Datasets and Protocol Verification 

The evaluation uses the five benchmarks of the reference study and DDXPlus [38] as an 
external benchmark. MedlinePlus and SymCat provide knowledge bases, so their patients are 
simulated. Because any deviation in the simulator would invalidate a comparison with pub-
lished figures, the official pickle files were opened, and the generation procedure was repli-
cated from the released source code rather than inferred from the paper. Table 4 summarizes 
the derivation corpora, and Table 5 lists every aspect of the protocol that was checked. 

Table 4. Derivation corpora and rule-derivation time on a CPU 

Dataset Diseases Distinct features Patients 

scanned 

𝜽item Derivation 

time 

MedlinePlus 893 2,112 100,000 0.10 1.8 s 

SymCat 200 200 332 150,000 0.005 2.0 s 

SymCat 300 300 356 150,000 0.005 3.2 s 

SymCat 400 400 370 150,000 0.005 2.2 s 

SymCat Common 210 332 150,000 0.005 1.8 s 

DDXPlus 49 515 1,025,602 0.10 89.1 s 

 

The verification in Table 5 corrected two errors in the first replication: examinations had 
to be attached to every MedlinePlus patient deterministically rather than sampled, and the 
initial complaint had to contain a Poisson-distributed number of symptoms rather than one. 
Before these corrections, the two protocols were not equivalent, and a comparison drawn 
from them would not have been meaningful. Such protocol drift is difficult for a reader to 
detect, because two systems evaluated on nominally the same benchmark may face different 
tasks. Two aspects of the present protocol differ from the reference implementation and are 
listed as such. 

3.9. Evaluation Protocol and Statistical Treatment 

The reporting protocol follows the reference study. Every configuration is run in three 
replicates of 1,000 test patients, and the mean and its standard error (SE) are reported. Rep-

licate 𝑟 draws its test patients with the split seed offset by 𝑟 and sets the random seed to 
20260717 + 𝑟. On MedlinePlus and SymCat, this yields three different patient samples. On 
DDXPlus, the test records are fixed, so replicates differ only in the random-question ablation, 
and the SE of every deterministic configuration is exactly zero. The primary metrics are top-
1 accuracy and the mean number of questions, denoted 𝑄. All results in Section 4 use this 

protocol with a budget of 𝐵 = 30, except the budget and threshold analyses in Section 4.6. 
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Table 5. Protocol aspects verified against the reference implementation 

Aspect Finding in the reference implementation Status 

Disease sampling Called without a prevalence argument, so it falls back to a uniform distribution Replicated 

MedlinePlus scale 893 diseases, 2,112 features, 8.31 symptoms and 5.30 examinations per disease Matches 

Examinations All examinations of the true disease are included deterministically Replicated 

Initial complaint, MedlinePlus The first Poisson(2)+1 sampled symptoms Replicated 

Initial complaint, SymCat The first sampled symptom only Replicated 

SymCat symptoms Each symptom is present independently at its own prevalence Replicated 

SymCat context Age and sex are known from the outset Replicated 

Feature identity Each item is truncated to its first ten characters, which form the concept code of 

the Unified Medical Language System 

Replicated 

Stopping criterion Entropy threshold learned per disease during training Differs 

Question budget No explicit cap; this study applies a cap of 30 Differs 

 

No model parameters are learned through gradient descent, and the system does not 
train a policy, classifier, or embedding. The offline stage consists of a single pass over the 
derivation corpus to accumulate integer counts, while the online stage evaluates the closed-
form expressions in Sections 3.4–3.6. The only data-dependent configuration choice is the 

threshold 𝜃item  which was selected using the validation split (0.10 for MedlinePlus and 
DDXPlus, and 0.005 for SymCat). Section 4.6 examines the sensitivity of the results to this 
threshold. This selection constitutes hyperparameter tuning on held-out data rather than 
model training and is the only stage that requires evaluating alternative configurations rather 
than performing a single pass over the corpus. 

Differences against published figures are summarized by 

𝑧 =
Δ

√(SE12 + SE22)
 

(16) 

where Δ is the difference between the two mean accuracies and SE1 and SE2 are their stand-
ard errors; |𝑧| > 1.96 is read as a difference at the 95% level. The statistic compares two 
independently reported means from different implementations evaluated on separately drawn 
patient samples. It is not a paired test, because a head-to-head run on identical patients would 
require retraining the reference agent, which would no longer be a comparison with published 
figures. Each SE is estimated from three replicates and is therefore imprecise, and the statistic 
assumes approximately normal sampling distributions. The value of 𝑧 therefore indicates that 
a difference is large relative to the run-to-run variability of both systems; it is not a hypothesis 
test with a calibrated error rate. 

4. Results and Discussion 

4.1. Comparison with Published Methods 

Table 6 compares the proposed system with every method reported on the five reference 
benchmarks. Its accuracy is the highest on all five datasets, and every difference with respect 

to the reference method [9] exceeds the 95% threshold of Equation (16), with 𝑧 values of 
22.8, 3.6, 2.7, 11.7, and 5.5 for MedlinePlus, SymCat 200, SymCat 300, SymCat 400, and Sym-
Cat Common, respectively, each computed from the figures reported in Table 6. The number 
of questions, however, separates two regimes. On MedlinePlus, the proposed system is better 
on both metrics than the reference method, whereas on the four SymCat variants it asks about 
twice as many questions as the reference method. Section 4.6 analyzes this trade-off. 

The advantage on MedlinePlus, the 893-disease benchmark contributed by the reference 
study, lies in the structure of the data rather than in the method: every MedlinePlus patient 
carries all examinations of the true disease, examinations are highly disease-specific, and con-
ditional probabilities estimated from the simulated corpus recover this structure. A likelihood 
model that matches the generative process therefore needs few questions. 

Table 6. Top-1 accuracy (%) and mean number of questions (Q) on the five reference benchmarks 
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Dataset Classes 
Proposed Yuan and Yu [9] REFUEL [3] INS-DS [8] FIT [31] 

acc (%) Q acc (%) Q acc (%) Q acc (%) Q acc (%) Q 

MedlinePlus 893 99.27 ± 0.09 1.75 96.2 ± 0.1 3.41 0.0 15.0 71.4 1.34 n/r n/r 

SymCat 200 200 71.83 ± 0.74 18.95 68.8 ± 0.4 8.98 59.9 8.45 46.2 2.77 55.7 12.0 

SymCat 300 300 65.33 ± 1.82 20.54 60.4 ± 0.2 9.39 48.5 9.63 39.7 4.47 48.2 13.1 

SymCat 400 400 63.20 ± 0.65 21.96 55.5 ± 0.1 10.02 33.6 10.18 31.1 3.25 44.6 14.4 

SymCat Common 210 62.10 ± 0.70 23.11 58.1 ± 0.2 9.61 47.6 8.66 36.1 2.99 n/r n/r 

Note: baseline values from [9]. ±, standard error; n/r, not reported 
 
The weaker baselines mark the two extremes of interaction cost. INS-DS stops earliest, 

after 1.34 to 4.47 questions, and is 25.6 to 32.1 points less accurate than the proposed system. 
REFUEL never issues a diagnosis action on MedlinePlus and asks questions until the step 
limit, which yields an accuracy of zero. Both failures originate in the stopping rule rather than 
in the scoring. 

4.2. Generalization to DDXPlus 

The reference study did not report results on DDXPlus, but the dataset paper [38] eval-
uated two learned baselines in a configuration that measures the same quantities as this study: 
AARLC, the preprint version of the reference method [9] retrained on DDXPlus, and BASD, 
a neural agent trained by supervised learning to choose the next question and the diagnosis. 
Their ground-truth pathology accuracy at rank one (GTPA@1) is their top-1 accuracy. Their 
interaction length (IL) counts the initial evidence together with the inquired evidence, so the 
number of questions is Q = IL − 1. The comparison uses the configuration in which each 
agent is trained to predict the pathology of the patient; the configuration trained to predict a 
differential diagnosis optimizes a different objective. Table 7 reports the results. 

Table 7. Top-1 accuracy (%), interaction length (IL), and mean number of questions (Q) on DDX-
Plus 

Method Training IL Q Top-1 accuracy (%) 

AARLC [38] RL and supervised learning 6.73 5.73 99.21 ± 0.78 

BASD [38] Supervised learning 17.99 16.99 97.15 ± 1.70 

Proposed system None (counting only) 3.84 2.84 95.60 ± 0.00 

Note: baseline values from [38] ± 95% confidence interval for the baselines and standard error for the 
proposed system 

 
Without modification, the proposed system reaches 95.60% with 2.84 questions across 

the 49 pathologies. AARLC is 3.6 points more accurate but asks 2.0 times as many questions, 
and BASD is 1.6 points more accurate with 6.0 times as many. The pattern mirrors SymCat 
with the roles reversed: here, the learned systems obtain slightly higher accuracy with more 
questions. Both baselines were trained on 1,025,602 patients, whereas the proposed system 
derived its rule base from the same file in 89.1 s without any gradient step. The interaction 
limit is comparable, because both baselines were run with at most 30 turns [38] and the budget 
here is B = 30. The comparison is nevertheless not an exact head-to-head result for two 
reasons: the categorical and multi-choice evidence of DDXPlus is binarized into atomic fea-
tures here, and the evaluation uses the first 1,000 test records rather than the full test file. The 
zero SE of the proposed system follows from the fixed DDXPlus records. 

4.3. Component Ablation 

Table 8 and Figure 2 report the contribution of each component as the change in accu-
racy resulting from its removal or replacement. The variants replace weighted evidence with 
match-ratio scoring, stop before the first question, select questions randomly, use a heuristic 
discriminative score instead of information gain (IG), or disable the safety veto. The heuristic 
scores each symptom according to how evenly it divides the candidate pool, how few candi-
dates list it, and whether it distinguishes the two leading candidates, following the key-differ-
entiator tables used in expert systems. The first row of Table 8 reproduces the proposed 
system results reported in Tables 6 and 7.  
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Table 8. Ablation results on six datasets: top-1 accuracy (%) ± SE 

Variant MedlinePlus DDXPlus SymCat 200 SymCat 300 SymCat 400 SymCat Common 

Proposed 
system 

99.27 ± 0.09; Q = 
1.75 ± 0.02 

95.60 ± 0.00; Q = 
2.84 ± 0.00 

71.83 ± 0.74; Q = 
18.95 ± 0.40 

65.33 ± 1.82; Q = 
20.54 ± 0.30 

63.20 ± 0.65; Q = 
21.96 ± 0.19 

62.10 ± 0.70; Q = 
23.11 ± 0.09 

No weighted 
evidence 

33.90 ± 1.59 
(−65.37); Q = 13.70 

± 0.24 

60.20 ± 0.00 
(−35.40); Q = 8.95 

± 0.00 

23.37 ± 0.74 
(−48.47); Q = 
29.80 ± 0.06 

22.23 ± 0.69 
(−43.10); Q = 
29.85 ± 0.03 

16.90 ± 0.72 
(−46.30); Q = 
29.99 ± 0.01 

17.90 ± 0.52 
(−44.20); Q = 29.82 

± 0.03 

No inquiry 
75.93 ± 0.29 

(−23.33); Q = 0.00 
± 0.00 

28.80 ± 0.00 
(−66.80); Q = 0.00 

± 0.00 

37.83 ± 0.73 
(−34.00); Q = 0.00 

± 0.00 

31.70 ± 1.70 
(−33.63); Q = 0.00 

± 0.00 

28.13 ± 0.28 
(−35.07); Q = 0.00 

± 0.00 

31.63 ± 0.96 
(−30.47); Q = 0.00 

± 0.00 

Random 
questions 

89.13 ± 0.23 
(−10.13); Q = 10.57 

± 0.16 

91.23 ± 0.43 
(−4.37); Q = 7.88 

± 0.08 

48.97 ± 0.56 
(−22.87); Q = 
28.66 ± 0.05 

40.67 ± 0.50 
(−24.67); Q = 
28.93 ± 0.09 

38.53 ± 0.87 
(−24.67); Q = 
29.14 ± 0.10 

39.70 ± 0.67 
(−22.40); Q = 29.53 

± 0.08 

Heuristic se-
lector 

97.93 ± 0.09 
(−1.33); Q = 2.83 ± 

0.05 

94.70 ± 0.00 
(−0.90); Q = 4.88 

± 0.00 

57.00 ± 1.46 
(−14.83); Q = 
24.45 ± 0.18 

52.90 ± 2.32 
(−12.43); Q = 
25.26 ± 0.30 

49.83 ± 0.52 
(−13.37); Q = 
25.83 ± 0.31 

47.27 ± 0.63 
(−14.83); Q = 27.67 

± 0.12 

No safety 
veto 

99.47 ± 0.09 
(+0.20); Q = 1.76 ± 

0.03 

95.60 ± 0.00 (0.00); 
Q = 2.84 ± 0.00 

71.83 ± 0.74 (0.00); 
Q = 18.95 ± 0.40 

65.37 ± 1.79 
(+0.03); Q = 20.54 

± 0.30 

63.30 ± 0.70 
(+0.10); Q = 21.96 

± 0.20 

62.13 ± 0.67 
(+0.03); Q = 23.11 

± 0.09 

Note: change with respect to the proposed system (in parentheses), and Q ± SE; changes are computed from unrounded values 

 

Figure 2. Change in top-1 accuracy with respect to the proposed system when a component is re-
moved or replaced 

Weighted evidence combination makes the largest marginal contribution on five of the 
six datasets. Replacing it with the match-ratio score costs 35.4 to 65.4 points on every dataset, 
which quantifies the defect described in Section 3.4 and indicates that the poor reputation of 
rule-based scoring on this task stems from the scoring formula rather than from the symbolic 
paradigm. 

Inquiry is the second most important component overall and the most important on 
DDXPlus, where the initial evidence alone yields an accuracy of 28.80%. Asking questions at 
all is worth 23.3 to 66.8 points, and choosing them by IG rather than at random adds 4.4 to 
24.7 points, with larger gains on the datasets on which the candidate set remains ambiguous 
for longer. The largest marginal contribution therefore does not mean that the scoring func-
tion carries the method alone: without the inquiry module, the system loses at least 30 points 
on five of the six datasets. 

The heuristic selector stays close to IG only on MedlinePlus and DDXPlus, where it 
loses 1.33 and 0.90 points and asks 1.1 and 2.0 more questions. On the SymCat variants, it 
loses 12.43 to 14.83 points and asks 3.9 to 5.5 more questions, so it is worse on both metrics. 
The heuristic treats membership in a rule list as binary and discards the magnitude of P(e|d). 
MedlinePlus and DDXPlus tolerate this because their conditional probabilities are high and 
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similar, whereas SymCat prevalences have a median near 0.25 and a long tail, so ignoring 
magnitude discards most of the information.  

The safety veto provides no measurable improvement in predictive accuracy under the 
evaluated configurations. Disabling it leaves accuracy unchanged on DDXPlus and SymCat 
200, while increasing it by 0.03–0.20 percentage points on the other four datasets, as the veto 
occasionally eliminates the correct candidate. Sections 4.4 and 4.5 further examine the con-
tribution of the rule slots and the behavior of the safety veto. 

4.4. Contribution of the Individual Rule Slots 

Because the derivation of the three rule slots is presented as a contribution, each slot 
was evaluated through a separate ablation. For each experiment, the rule base was rebuilt with 
the corresponding slot emptied for every disease, and the complete system was evaluated 
using the modified rule base. Table 9 reports the resulting top-1 accuracy and the mean num-
ber of entries in each slot. 

Table 9. Top-1 accuracy (%) after removing individual rule slots from the rule base, with the change with respect to the complete rule 
base in parentheses 

Rule base MedlinePlus DDXPlus SymCat 200 SymCat 300 SymCat 400 SymCat Common 

Complete (proposed) 99.27 95.60 71.83 65.33 63.20 62.10 

Mean size of must / 

excl / crit 
3.7 / 8.0 / 4.6 1.8 / 8.0 / 7.7 0.1 / 1.0 / 7.1 0.2 / 1.9 / 7.2 0.1 / 1.0 / 7.1 0.1 / 1.4 / 6.7 

must(d) emptied 99.47 (+0.20) 95.60 (0.00) 71.83 (0.00) 65.37 (+0.03) 63.30 (+0.10) 62.13 (+0.03) 

excl(d) emptied 99.27 (0.00) 95.60 (0.00) 71.83 (0.00) 65.33 (0.00) 63.20 (0.00) 62.10 (0.00) 

crit(d) emptied 99.27 (0.00) 95.60 (0.00) 71.83 (0.00) 65.33 (0.00) 63.20 (0.00) 62.10 (0.00) 

All three emptied 99.47 (+0.20) 95.60 (0.00) 71.83 (0.00) 65.37 (+0.03) 63.30 (+0.10) 62.13 (+0.03) 

 
The ablation results distinguish the roles of the three rule slots. The must-have slot af-

fects candidate filtering through the safety veto, although removing it slightly increases accu-
racy under the evaluated configurations. The exclusion slot produces no measurable change 
in accuracy when removed, while the critical slot does not enter the diagnostic scoring func-
tion or the veto and serves only an explanatory role. Therefore, the results do not establish a 
positive contribution of the individual rule slots to predictive accuracy. 

The observed effects are consistent with the sizes of the derived slots. A must-have 

symptom requires 𝑃(𝑒|𝑑)  ≥  𝜃𝑚𝑢𝑠𝑡 = 0.95, which the MedlinePlus simulator produces for 
every examination and the DDXPlus records produce for a few characteristic findings, giving 
3.7 and 1.8 entries per disease on average. On SymCat, where symptoms are drawn inde-
pendently with a median prevalence near 0.25, the slot holds at most 0.2 entries per disease 
on average and is empty for most diseases, so its effect cannot exceed 0.10 points. A popu-
lated slot is necessary for an effect but not sufficient: DDXPlus has 1.8 must-have symptoms 
per disease but no effect, because the veto never removed the true disease there and never 
changed the returned diagnosis (Table 10).  

The slot ablation and the veto ablation act on different parts of the system and agree. 
Emptying all three slots reproduces the accuracy obtained by disabling the veto (Table 8) on 
all six datasets, which confirms that the slots affect the diagnosis only through the veto. The 
two configurations differ in their stopping behavior on MedlinePlus: with the veto disabled, 
the stopping rule still waits while a must-have symptom of the leading candidate is denied, 
whereas emptying the must-have slot removes this proviso. 

4.5. Direct Measurement of the Safety Veto 

An accuracy ablation cannot distinguish a mechanism that never fires from one that fires 
often but redundantly. Table 10 therefore reports five measurements taken on the runs of 
Table 8: the share of consultations in which at least one candidate is vetoed; the mean share 
of candidates removed; the share of consultations whose returned diagnosis would change if 
the vetoed candidates were restored at the final evidence state, with the interview held fixed; 
the share in which the true disease is vetoed; and, on the runs without the veto, the share 

whose returned diagnosis belongs to the set 𝑉 of Equation (10), that is, denies one of its own 
must-have symptoms or has two of its exclusion symptoms confirmed. 
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Table 10. Measurements of the safety veto on six datasets (%) 

Dataset Cases with 

a veto 

Candidates 

removed 

Diagnosis 

changed 

True disease 

vetoed 

Violation 

without veto 

MedlinePlus 38.63 13.86 0.17 0.27 0.20 

DDXPlus 98.90 50.24 0.00 0.00 0.00 

SymCat 200 89.73 2.53 0.03 0.13 0.03 

SymCat 300 96.57 4.11 0.03 0.07 0.03 

SymCat 400 97.73 3.18 0.07 0.10 0.07 

SymCat Common 87.43 3.08 0.03 0.07 0.00 

 

The veto is active but rarely decisive. It fires in 38.6% to 98.9% of consultations and 
removes, on average, 2.5% to 50.2% of the candidates, yet it changes the returned diagnosis 
in at most 0.17% of cases. The evidence score of Equation (9) has already ranked constraint 
violating candidates low before the veto is applied, so the veto mostly removes candidates 
that would not have been returned anyway. This agreement between the two mechanisms, 
rather than inactivity of the veto, explains the null result in Table 8. 

The last two columns quantify the cost and the benefit. The veto removes the true dis-
ease in at most 0.27% of cases, which is the source of the small accuracy loss on MedlinePlus. 
Without the veto, the returned diagnosis violates one of its own derived constraints in up to 
0.20% of cases; with the veto, this share is zero by construction on every dataset, except when 
every candidate is vetoed and the system falls back to a uniform ranking (Section 3.5). 
Whether such a guarantee is worth up to 0.20 accuracy points is a deployment decision rather 
than a benchmark result. 

4.6. Trade-off Between Accuracy and Interaction Cost 

The accuracy values in Table 6 were obtained with a budget of 30 questions, whereas 
the reference method asks about nine to ten questions on SymCat. The trade-off was there-
fore measured directly by rerunning the proposed system on SymCat 200 with six question 
budgets under the protocol of Section 3.9. Table 11 lists the results, and Figure 3(a) plots 
accuracy against the number of questions actually asked; the 30-question point is the SymCat 
200 entry of Table 6. 

Table 11. Top-1 accuracy (%) ± SE and mean number of questions (Q) of the proposed system on 
SymCat 200 for six question budgets 

Budget B 5 9 12 15 20 30 

Q 4.65 7.71 9.71 11.50 14.19 18.95 

Top-1 accuracy  51.00 ± 0.90 57.93 ± 0.62 61.63 ± 1.01 64.87 ± 0.77 68.30 ± 0.84 71.83 ± 0.74 

 
At the 8.98 questions used by the reference method, the proposed system reaches ap-

proximately 60.3%, interpolated between the neighboring budgets, whereas the reference 
method reaches 68.8%; at a matched budget, the reference method is therefore about 8.5 
points more accurate. The proposed system needs about 14.9 questions, 1.7 times as many, 
to reach the same accuracy. On SymCat, the two systems therefore occupy different points 
of one trade-off: the proposed system reaches a higher accuracy with longer interviews, 
whereas the learned stopping rule of the reference method stops earlier at a lower accuracy. 
On MedlinePlus, no such trade-off arises, because the proposed system is better on both 
metrics. The stopping rule, not the scoring function, is the component that would have to 
improve to move the SymCat trade-off. 



Journal of Computing Theories and Applications 2026 (November), vol. 4, no. 2, Nugraha, et al. 686 
 

 

 

Figure 3. (a) Top-1 accuracy against mean number of questions on SymCat 200, with the result of 
[9] marked by a star. (b) Validation accuracy on SymCat 200 as a function of 𝜃item 

Figure 3(b) examines whether the results depend on a finely tuned threshold. The rule 
base of SymCat 200 was derived with five values of 𝜃item between 0.10 and 0.001, and each 
version was evaluated on the validation split under the protocol of Section 3.9. Accuracy is 

66.93% for 𝜃item = 0.10 and 69.97% for 0.05, whereas the three values at or below 0.01 lie 
within 0.04 points of one another, far below their standard errors of 1.23 to 1.25 points. The 
response is a plateau rather than a peak: the threshold only needs to be low enough to keep 
low-prevalence symptoms in the rule base. On MedlinePlus, the threshold has no effect, be-
cause the simulator places every conditional probability well above 0.10. 

4.7. Discussion 

The results demonstrate that a classical probabilistic formulation developed more than 
half a century ago [20], [21], when supplied with conditional probabilities estimated automat-
ically rather than elicited from experts, can match or outperform published RL methods in 
top-1 accuracy on five reference benchmarks, although it generally requires more questions 
to achieve this performance. On DDXPlus, the proposed system remains less accurate than 
the learned baselines. These findings suggest that the performance gap attributed to learned 
inquiry policies may partly reflect the underlying probabilistic formulation rather than the 
inquiry policy alone. 

This performance advantage is partly structural. SymCat patients are generated by inde-
pendently sampling symptoms conditioned on the disease, while MedlinePlus patients are 
generated under an approximately similar assumption. This setting aligns with the conditional-
independence assumption underlying Equation (9). With a uniform disease prior and condi-
tional probabilities estimated from the same generative process, the resulting probabilistic 
score consequently approaches the optimum for these simulators. This optimality is specific 
to the simulation settings and should not be generalized to clinical diagnosis, where symptom 
dependencies, nonuniform disease prevalences, and violations of conditional independence 
are common. The potential headroom can be illustrated using SymCat 200: a scorer with 
access to the status of all 322 symptoms in the knowledge base—corresponding to the 332 
features reported in Table 4, excluding the ten demographic context features—achieves 
76.00% accuracy, compared with 71.83% for the proposed system and 68.8% for the refer-
ence method. These results place both systems relatively close to the full-evidence reference 
score, suggesting that the remaining improvement over the proposed system is limited to a 
few percentage points under this comparison. 

Adding a disease is computationally inexpensive but requires recomputation. Specifically, 

𝑁, 𝑛(𝑒), 𝑃(𝑒), and 𝑃(𝑒|¬𝑑) in Equations (1) and (2) change, affecting the lift and discrim-
inative margin in Equation (3) for existing diseases and necessitating the re-derivation of the 
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rule slots defined in Equations (4)–(6). This process requires rerunning the single-pass proce-
dure described in Table 4, which takes 1.8–89.1 s, rather than conducting a model-training 
cycle. Although an incremental update is theoretically possible because the system stores 
counts, this capability was neither implemented nor evaluated in the present study. 

The proposed formulation also provides a transparent representation of its diagnostic 
decisions: the rules can be inspected directly, the evidence weights are derived from symptom 
probabilities, and each question is associated with an expected information gain measured in 
bits. However, this transparency is an intrinsic property of the formulation rather than evi-
dence of demonstrated auditability or clinical usefulness. Recent studies on explainable med-
ical AI and AI-based disease detection highlight the importance of considering explanation 
quality, validation, and clinical applicability beyond predictive performance alone [39], [40]. 
No clinician evaluation was conducted to determine whether the exposed reasoning is usable, 
no user study assessed whether the justifications support decision-making, and existing frame-
works for evaluating explanations [14] were not applied. Accordingly, the practical value of 
this transparency remains to be established. 

Finally, the effects reported in Tables 8 and 9 should be interpreted as conditional mar-
ginal contributions rather than independent component effects, because each ablation re-
moves a component while retaining the remainder of the system. The safety veto provides no 
measurable improvement in predictive accuracy under the evaluated configurations: disabling 
it leaves accuracy unchanged on DDXPlus and SymCat 200 and increases it slightly on the 
other four datasets (Table 8). Nevertheless, the veto removes candidates that violate the en-
coded constraints and can prevent such candidates from being returned. Its value may there-
fore extend beyond predictive accuracy, although this potential benefit requires further eval-
uation. 

4.8. Limitations 

Several limitations constrain the interpretation and generalizability of these findings. 
First, all patients in this study are simulated. MedlinePlus and SymCat patients are generated 
from knowledge bases, while DDXPlus, although publicly released as a dataset, was generated 
using a rule-based medical model rather than collected from clinical encounters. Across all 
benchmarks, simulated patients answer questions correctly and consistently. Consequently, 
the results do not establish clinical effectiveness, and the reported accuracies may overesti-
mate performance in real-world settings, where patients may misremember symptoms, pro-
vide inconsistent answers, or report symptoms absent from the underlying knowledge base. 

Second, the conditional-independence assumption that makes Equation (9) computa-
tionally tractable is also largely reflected in the data-generating processes of the simulators. 
The observed performance advantage may therefore diminish on clinical records containing 
correlated symptoms. Third, the stopping rule relies on fixed confidence thresholds rather 
than a learned or explicitly optimized criterion. This design contributes to the long consulta-
tions observed on SymCat and represents a major opportunity for improvement.  

Fourth, the natural-language interface was not evaluated because all benchmarks provide 
structured symptom codes. The present results therefore do not establish whether the system 
can reliably interpret patient descriptions or sustain effective interaction in natural-language 

consultations. Fifth, 𝜃item differs across datasets, although its value was selected using the 
validation split and the sensitivity analysis indicates a performance plateau. This dataset-spe-
cific setting may affect reproducibility and warrants consideration when extending the system 
to new datasets. Sixth, the transparency of the diagnostic reasoning has not been evaluated 
with clinicians. Although the formulation exposes its rules, evidence weights, and question-
selection rationale, whether these elements are understandable, useful, or appropriate for clin-
ical decision support remains unverified. 

5. Conclusions 

This study provides the classical baseline missing from evaluations of RL methods for 
interactive symptom inquiry: a training-free symbolic system whose parameters are estimated 
from counts, whose diagnoses are based on observed evidence only, and whose questions are 
selected by expected information gain. The comparison with the reference method reveals 
two distinct performance regimes. On MedlinePlus, where the simulated data are highly struc-
tured, the proposed baseline achieves better accuracy and lower interaction cost. On SymCat, 
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it achieves higher accuracy only with longer interviews, while the reference method performs 
better at a matched question budget, indicating a trade-off rather than a uniform advantage. 
On DDXPlus, the learned baselines achieve slightly higher accuracy but require more ques-
tions, mirroring the SymCat trade-off. The ablation results show that weighted evidence com-
bination and symptom inquiry account for most of the predictive performance. The must-
have and exclusion rules enable the safety veto to enforce the encoded constraints, except 
when all candidates are vetoed and the system falls back to a uniform ranking. However, the 
ablation results do not show a measurable improvement in predictive accuracy from these 
constraints. The critical slot, by contrast, serves an explanatory role and does not directly 
affect diagnostic decisions. 

For practitioners, the proposed system demonstrates that a diagnostic approach whose 
steps can be decomposed into inspectable terms can be implemented in under two minutes 
on commodity hardware and remain competitive on published benchmarks. This may be rel-
evant in settings where training infrastructure or labeled interaction data are unavailable. For 
researchers, the results on SymCat and MedlinePlus underscore the importance of including 
a classical baseline, as substantial benchmark performance can be achieved without model 
training. However, because all benchmarks use simulated patients, these findings do not es-
tablish clinical effectiveness. Future work should evaluate the system on patient records not 
generated from knowledge bases, assess the interpretability and usefulness of its reasoning 
with clinicians, relax the conditional-independence assumption through structured probabil-
istic models, replace fixed stopping thresholds with a criterion that optimizes the trade-off 
between diagnostic accuracy and interaction cost, and develop a natural-language interface 
for free-text complaints. 
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