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Abstract—Analyzing clinical processes from elec-
tronic medical record (EMR) data is essential for
improving and standardizing the quality of medical
care. As these processes are not uniform across pa-
tients and institutions, identifying deviations from the
standard process and their underlying factors is im-
portant. However, conventional factor estimation has
been performed mainly within a single institution, with
no framework for objectively selecting analysis targets
across institutions. Moreover, owing to its linearity as-
sumption, the widely used logistic regression struggles
to capture decision thresholds and nonlinear interac-
tions. This paper proposes a method for explainable
estimation of the branching factors of frequent medical
order patterns. It objectively selects branching points
by their F-measure consistency with a standard clinical
pathway and estimates factors through two approaches:
a statistical one based on L2-regularized logistic re-
gression, and an explainable learning-based one that
combines a predictive model with SHapley Additive
exPlanations (SHAP). In a case study on 5,961 patients
with gastric malignancy from a 27-institution dataset,
the combination of a predictive model with SHAP iden-
tified factors contributing to the prediction outcomes
in an explainable manner, achieving a validity rate of
45.7% in clinical specialists’ judgments versus 0% for
logistic regression, thereby confirming the effectiveness
of the proposed method.

Index Terms—Clinical Pathway, Electronic Medical
Records, Explainable AI, Health Care, Interpretability,
Logistic Regression, Medicine, SHAP, XGBoost.

I. INTRODUCTION

In recent years, the secondary use of electronic medical
record (EMR) data for analyzing medical processes has
advanced, and is expected to improve the uniformity
of healthcare quality and the effectiveness of treatment.
Achieving this requires the standardization of clinical care,
for which the clinical pathway is widely used. It is a care
plan that chronologically organizes the standard exam-
inations, surgeries, medications, and other interventions
for inpatients with a given disease. However, as prior
work [1] has pointed out, clinical processes are not uni-
form across patients and institutions, and support tailored
to each patient’s condition is important in addition to
standardization. Therefore, quantitatively identifying the

factors that cause branching from the standard clinical
pathway is an essential task for both standardization
and individualized support. Studies on identifying clinical
factors using logistic regression have been conducted, such
as estimating deviation factors from a pathway using
multi-institutional data [2]. However, no process has been
established for objectively identifying clinically meaningful
branches among the vast number of frequent patterns
spanning multiple institutions.

In addition, logistic regression, widely used for fac-
tor estimation, has two problems. First, owing to mul-
ticollinearity specific to medical data [3], such as severe
cases concentrated at particular institutions (e.g., tertiary
referral or university hospitals), it is difficult to separate
whether a branch stems from patient condition or institu-
tional characteristics. Second, because it assumes linearity,
it struggles to capture the nonlinear decision thresholds
and feature interactions physicians rely on. Interpretable
AT combining predictive models with SHapley Additive
exPlanations (SHAP) [4, 5] can overcome this limitation.

To address these problems, this study proposes a
method for estimating the branching factors of frequent
medical order patterns [6, 7] extracted from the EMR data
of multiple medical institutions. The proposed method
is novel in two respects: (1) it objectively selects the
target branches based on the quartiles [8] of the F-measure
consistency with the standard clinical pathway, addressing
the lack of an objective branch selection criterion in prior
work; and (2) it examines both a statistical approach
(L2-regularized logistic regression [9]) and an explainable
learning-based approach (predictive model with SHAP [4,
10]) for estimating branching factors, and the approach
that extracts branching factors more effectively is eval-
uated on real data. The explainable learning-based ap-
proach, in particular, can capture both linear and non-
linear factor learning and thus overcome the linearity
limitation of conventional logistic regression.

In a case study on 5,961 patients with gastric malig-
nancy, drawn from 58,598 patients across 27 institutions,
the predictive model with SHAP attained a validity rate
of 45.7% in clinical specialists’ judgments versus 0% for
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Fig. 1. Overview of the proposed method.
logistic regression.

II. RELATED WORK

We review prior work from three perspectives: (1) factor
estimation using logistic regression, (2) multi-institutional
and clinical pathway variance analysis, and (3) clinical
applications of explainable machine learning.

Hua et al. [11] review the usefulness of logistic regres-
sion in clinical prediction models and its interpretability
through odds ratios. In addition, Guan et al. [12] propose
penalized estimation including ridge regression that simul-
taneously mitigates the separation and multicollinearity of
logistic regression, effective for stabilizing risk prediction
with strongly correlated explanatory variables. However,
because these logistic-regression-based methods assume
linearity, they have difficulty capturing the nonlinear fea-
ture interactions and decision thresholds physicians use.

Sugitani et al. [6, 7] proposed a method for extracting
frequent medical order patterns across institutions, but the
extraction results are enormous, and no objective criterion
has been established for selecting the branches to analyze.
Tou et al. [13] predicted pathway variances after lung
cancer surgery using machine learning, but their study
was limited to single-institution data and did not address
institutional factors.

Maruyama et al. [5] predicted gastrectomy length of stay
with XGBoost and SHAP [4, 10, 14] but did not address
per-branch decisions. These studies use SHAP only to
explain prediction contributions, without extracting sign-
reversal points as decision thresholds or integrating with
statistical factor estimation. In particular, Hur et al. [15]
noted SHAP’s interpretive limitations.

Despite these advances, no prior study has objectively
selected clinically meaningful branches from a standard
clinical pathway while comparing statistical and explain-
able learning-based factor estimation. This study ad-
dresses this gap (Section III).

III. PROPOSED METHOD

The proposed method comprises two main steps (Fig. 1),
preceded by Step 0, which integrates and preprocesses
the multi-institutional EMR data into medical order se-
quences. Branching points are first selected by compar-
ison with a standard clinical pathway (Section III-A),
and their factors are then estimated by two approaches
(Section III-B).

A. Pattern Evaluation and Selection (Step 1)

1) Definition of the Standard Clinical Pathway: The
standard clinical pathway CPgq is the reference for com-
parison with frequent medical order patterns. Several clin-
ical specialists defined the minimum necessary perioper-
ative medical orders for each elapsed day, aligned with
the medical order categories used in this study. C'Pgq is
neither an institution-specific pathway nor a society-issued
standard—Dboth of which are revised as new drugs and
techniques appear—but a minimum, version-independent
reference; deviation from it does not imply inappropri-
ate care. To compensate for anonymization-induced date
shifts, we also use a shortened clinical pathway C Psport,
removing the earlier day of consecutive-day duplicate or-
ders.

Definition 1 (Standard and shortened clinical pathways).
The standard clinical pathway C Psiq is a sequence of pairs
of an execution day d and a medical order a:

CPgq = <(d1, al)a EERE (dﬂ% am)>

When the same order appears on two consecutive days, the
shortened version C Pspore, which excludes the pair on day

d, is defined as:
CPsport = ((d,a) € CPgq | ~IsDuplicateEarly(d, a))

The consistency of an extracted frequent pattern Pfy.q
is measured by the F-measure F' = 2PR/(P + R). Here,
the precision P is the proportion of medical orders in the
pattern that match C'P in both occurrence day and type,
and the recall R is the proportion of the medical orders
in CP that are included in the pattern. Each pattern is
compared with both C'Psq and CPgpore, and the higher
F-measure is adopted.

2) Criteria for Selecting Branching Points: Based on
the quartiles [8] of the F-measure, the top 25% (> Q3)
and bottom 25% (< Q1) patterns for each disease are
taken as candidate targets, covering both within-standard
and out-of-standard branches. To ensure learnability, we
restrict the analysis to patterns with at least 100 negative
cases and a positive rate of at most 95%, avoiding extreme
imbalance. From the selected patterns, items such as
surgeries common to all patients are excluded, and the
remaining item is used as the objective variable y € {0, 1}.

B. Factor Estimation (Step 2)

1) Variable Extraction: The explanatory variables x are
shared by both methods and comprise the following four
types, input as continuous values except one-hot encoded
sex and BMI class. In this paper, the day of surgery is
denoted Day 0, and the preceding and following days are
expressed in relative days (Day —d, Day d).

o Static information: age, sex, and body mass index.

e Dynamic information: vital signs (temperature,

blood pressure, pulse) and laboratory test values such
as white blood cell count, red blood cell count, platelet



count, hemoglobin, C-reactive protein (CRP), and
creatinine, up to the day before the branch.

o Delta features: to capture temporal changes,
adjacent-day differences and whole-period differences
are generated automatically.

o Institutional information: the total number of
patients at the institution and the number of patients
by disease are input as continuous values.

2) Statistical Approach: L2-Regularized Logistic Regres-
sion: In this method, the execution of a branch (y = 1) is
used as the objective variable, and global, linear factors are
estimated as odds ratios by binomial logistic regression.
In medical data, the correlations among test values are
strong, and coefficients tend to be unstable owing to
multicollinearity. We therefore introduce L2 regulariza-
tion (Ridge) [9] to stably separate the contributions of
patient-condition and institutional factors. To preserve
the temporal order of causation, we use data up to the
day before the branch. For factor evaluation, we use the
standardized coefficient 8* and the odds ratio, regarding
factors with a large |8*| as strong contributors [16]. The
clinical validity is confirmed afterward using group-wise
execution rates and odds ratios and p-values from 2 x 2
contingency tables. However, when the sample size of the
abnormal group is small, the odds ratio can be inflated
by quasi-complete separation [12]. We therefore report the
odds ratio together with the group-wise sample sizes and
execution rates (Table IIT), so that odds ratios inflated by
quasi-complete separation can be recognized from those
figures rather than accepted at face value.

3) Explainable Learning-Based Approach: Predictive
Model and SHAP: To achieve explainable estimation of
branching factors, we combine a predictive model with
SHAP [4, 10]: the predictive model captures linear and
nonlinear effects, whereas SHAP attributes each feature’s
contribution to the prediction, yielding explainable factors
with decision thresholds. The key idea of this approach
is to identify, from the dependence of the SHAP val-
ues on feature values, the point at which the sign of
the contribution reverses and interpret it as a model-
derived decision boundary. This presents, in a clinically
interpretable form, the test value or change at which
a medical action branches. The specific choice of the
predictive model and the handling of missing values are
determined in Section IV-C2 through a comparison of
several candidate models.

IV. EVALUATION EXPERIMENT
A. Ezxperimental Data

We used an anonymized EMR dataset based on the
Next Generation Medical Infrastructure Act, collected
from 27 medical institutions between 2015 and 2024 (ap-
proved by the Life Data Initiative Ethics Committee,
No. 2024_MIL_0004_A001). This dataset consists of
58,598 patients with nine diseases, including breast, lung,
and gastric malignancies and heart disease (see [7] for

the breakdown by disease). The extraction and evaluation
of frequent patterns, the selection of branching points,
and the comparison of the prediction accuracy of three
models were conducted on all nine diseases, while the
detailed estimation of branching factors was performed on
5,961 patients with gastric malignancy as a case study.
All 27 institutions were included without filtering, with
institutional info used solely as an explanatory variable.
As no facility attributes (e.g., bed count) are retained,
facility size is operationalized as the number of patients
an institution contributes to this dataset—a proxy, not
a direct measure. Of the 27 institutions, 24 contributed
gastric malignancy cases (median 221, range 4-983). The
gastric malignancy cases analyzed here all share a single
top-level procedure code (K653), so the cohort is narrower
than a disease-level grouping. Anonymization removes the
subcategory digits that would distinguish variants within
this code, so finer procedure-level differences cannot be
observed.

B. Ezxperimental Method

First, medical order sequences with elapsed days were
created for each disease from the 27 institutions, and
frequent patterns were extracted following prior work [6,
7). Next, by comparison with each disease’s standard
clinical pathway, patterns in the top and bottom quartiles
of the F-measure distribution were selected as candidate
branching points, and a dataset was constructed with the
selected medical order as the objective variable y and the
patient state and institutional information as the explana-
tory variables x. On this dataset, three models—logistic
regression (LR), random forest (RF), and XGBoost [17]—
were evaluated by 5-fold stratified cross-validation, and the
predictive model’s performance was confirmed by the area
under the curve (AUC; Section IV-C2). Branching factor
estimation then used L2-regularized LR (Section IV-C3)
and XGBoost with SHAP (Section IV-C4).

C. FEzperimental Results (Gastric Malignancy)

Gastric malignancy was chosen for factor estimation
because it has many patterns consistent with the standard
clinical pathway.

1) Accuracy Evaluation of the Extracted Frequent Med-
ical Order Patterns: Varying minSup in stages, we com-
puted the recall, precision, and F-measure of the frequent
patterns extracted from the nine diseases, and confirmed
their consistency with the standard clinical pathway (Ta-
ble I). The precision was high at 0.74-0.97 across all
settings, indicating that the extracted patterns include the
medical orders of the standard clinical pathway. The recall,
on the other hand, was low at 0.52-0.54. This is because
the loss of time information through anonymization causes
orders specified for Day 1 in the standard to be extracted
with a shift to Day 2-3 in the actual data; correcting
these date shifts is a future task. Lowering minSup to
30% increases the number of patterns to 1,547 but reduces



TABLE 1
EVALUATION RESULTS OF FREQUENT MEDICAL ORDER PATTERN
EXTRACTION: AVERAGES OVER THE NINE DISEASES.

minSup(%) | #Patterns | Recall | Precision | F-measure

70 48 0.52 0.97 0.67

60 107 0.52 0.93 0.65

50 286 0.53 0.86 0.64

40 853 0.53 0.79 0.62

30 1,547 0.54 0.74 0.61
TABLE II

COMPARISON OF PREDICTIVE PERFORMANCE (MEAN AUC BY DAy
GROUP OVER ALL NINE DISEASES).

Day group | N LR RF | XGBoost
Day —1 6 | 0.812 | 0.952 0.958
Day 0 17 | 0.985 | 0.999 0.998
Day 1 38 | 0.958 | 0.995 0.996
Day 2 9 | 0.859 | 0.986 0.988
Day 3 6 | 0.942 | 1.000 1.000
Day 4 1| 0.828 | 0.999 0.999
Day 7 4 | 1.000 | 1.000 0.999
Average 81 0.941 0.992 0.993

the F-measure to 0.61 (owing to the inclusion of less
relevant, fine-grained patterns). With minSup = 40%, in
contrast, foundational patterns such as surgery on Day 0
and intravenous drips (antibiotics and blood substitutes)
on Day 0 and Day 1 could be extracted stably without
an excessive increase. For individual core patterns, the
precision and recall reached 1.00.

2) Validation of the Predictive Model: As a prerequisite
for factor estimation, the three models (LR, RF, and
XGBoost) were evaluated on all nine diseases (81 targets)
by 5-fold stratified cross-validation, and their predictive
validity was assessed by AUC (Table II). Whereas LR
remained at an average of 0.941, the nonlinear RF and
XGBoost both achieved averages above 0.99. The gap
widens for strongly nonlinear Day groups: LR drops to
0.812 (Day —1), 0.859 (Day 2), and 0.828 (Day 4), while
XGBoost maintains 0.95-1.00. On Day 0 and Day 7, LR
is also high at 0.98 or above, and these branches are
linearly predictable. Thus, capturing feature interactions
and nonlinear effects is important, and we adopt XGBoost
for factor estimation—not because of the accuracy dif-
ference but because of its NaN-aware splits, which treat
missingness as a signal (informative missingness), and its
suitability for SHAP-based decision threshold extraction.

3) Branching Factor Estimation Results by Logistic Re-
gression: For gastric malignancy, we extracted factors
satisfying |8*| > 0.9 and p < 0.05 by L2-regularized LR
(A = 1.0), obtaining six candidate factors from four of the
nine targets (Table III). Clinical specialists judged each
factor on a three-level scale of (O (valid), A (no direct
causation but indirectly related), and x (invalid), yielding
zero valid, three indirectly related, and three invalid.

All extracted factors are “downward trends.” All
six were downward trends in creatinine, TP, or CRP (tran-
sitions to low abnormal values over the few preoperative

days), and the other indicators (vital signs and absolute
values or daily variations of test values) did not satisfy
|8*] > 0.9. This is considered to be because linear LR
strongly captures the linear relationship between the low-
value group and the normal group.

Imbalance of group samples and quasi-complete
separation. In all six cases, the low-abnormal-trend
group was small at 1-81 patients; in particular, creatinine
and TP on Day -1 are unstable with two patients or fewer.
The CRP downward trend in the Day 1 infection test has
an OR exceeding 20,000, but the execution rates of the
two groups are almost the same at 99% versus 94% (in
fact lower in the abnormal group); this is an apparent
value produced by quasi-complete separation due to the
near-universal execution (positive rate of 99%), indicating
the breakdown of LR estimation.

Institutional factors were more consistently iden-
tified. Facility size (by disease) was significantly extracted
for four targets (the hemostatic function, renal function,
and blood count tests on Day -1, and the blood substi-
tute on Day 2), but as it is an institutional operational
factor rather than a clinical trigger, it was excluded from
judgment. The institutional factor is robust, with a large
sample and p < 0.001, in contrast to the aforementioned
unstable downward trends.

Evaluation by clinical specialists. The three invalid
cases lacked medical causality: the creatinine decrease was
judged “a low value itself is not regarded as a problem and
is hard to consider a factor,” and the Day 1 infection test
CRP decrease “performing an infection test on the day
after surgery is not normally expected.” For the three in-
directly related cases, TP was “an indicator of nutritional
status, suggesting confounding due to set-test operation,”
and the Day 1 blood count CRP decrease “a factor is hard
to find because routine blood sampling covers almost all
cases.”

Overall, LR yielded no clinically valid branching factors,
owing to its linearity assumption, dependence on extreme
downward trends, and quasi-complete separation.

4) Ezplainable Estimation of Branching Factors by XG-
Boost and SHAP: Using XGBoost with SHAP, we ex-
tracted a total of 35 candidate factors, excluding institu-
tional factors, from eight targets, and clinical specialists
judged their validity. The breakdown was 16 valid, 6
indirectly related, and 13 invalid; compared with LR, (zero
valid), the medically supported findings increased substan-
tially. Many of the invalid cases stem from confounding
due to routine tests or from quasi-complete separation,
indicating the need for filtering by clinical knowledge. We
highlight two key observations below.

Dominant influence of institutional factors. Fa-
cility size (total patients and by disease) ranked in the
top 10 of Gain Importance for all nine targets, and the
total patient count ranked first for six targets. It is thus
a dominant predictor of perioperative order decisions,
alongside individual clinical indicators—a finding obtained



TABLE III
LOGISTIC REGRESSION FACTOR ESTIMATION RESULTS AND CLINICAL SPECIALISTS’ JUDGMENTS.

Target Associated factor Normal Normal-trend | Low-abnormal- Odds p-value Judg.
range group trend group Ratio
(n, rate) (n, rate)
Day -1 renal Creatinine downward 0.0-2.0 125 (2%) 2 (50%) 4.89 0.047 X
function test trend (Day -1) [mg/dL]
TP downward trend 6.0-9.0 75 (3%) 1 (100%) 2.50 0.039 A
(Day -1) [g/dL]
Day -1 blood count | Creatinine downward 0.0-2.0 125 (2%) 2 (50%) 5.08 0.047 X
test trend (Day -1) [mg/dL]
TP downward trend 6.0-9.0 75 (3%) 1 (100%) 2.54 0.039 A
(Day -1) [g/dL]
Day 1 infection test | CRP downward trend 0.0-1.0 1,737 (99%) 81 (94%) | 23,940.54 0.009 X
(Day -1) [mg/dL]
Day 1 blood count CRP downward trend 0.0-1.0 1,737 (99%) 81 (95%) | 26,279.61 0.014 A
test (Day -1) [mg/dL]

Normal range denotes the clinical reference interval of each test item, which defines the two groups: the normal-trend group stays within
the range, whereas the low-abnormal-trend group deviates below it. Judg., judgment by clinical specialists: ), valid; A, no direct
causation but indirectly related; X, invalid. Abbreviation: TP, total protein.

thanks to the multi-institutional data from the 27 medical
institutions—though it may proxy unobserved institution-
level case mix, including the procedure mix, which we
cannot separate from operational practice here.

Differences in physicians’ judgments by target.
Whereas the Day 2 blood substitute (6/7 valid) and the
Day 1 renal function test (4/6 valid) showed high concep-
tual consistency, no factor was judged valid for the Day -1
12-lead electrocardiogram or the Day 1 infection test, and
their findings are likely to originate from confounding.

Below, we describe the Day 1 renal function test in
detail as a representative example (Table IV). Of the
six extracted factors, five are findings related to blood
pressure or pulse, and four of these were judged valid.

As a representative finding, Fig. 2 shows the SHAP
dependence plot for the Day -1 — Day 0 change in pulse.
It shows a clear negative relationship in which the SHAP
value decreases as the change in pulse becomes larger,
with the sign reversing from positive to negative around
26.37 bpm (the decision threshold). A clinical specialist
evaluated that “a pulse change of 26.37 bpm is quite large,
and patients with hypertension or arteriosclerosis show
large perioperative fluctuations,” supporting the view that
pulse variation can be involved in the decision to order a
renal function evaluation.

In the SHAP summary plot of Fig. 3, a two-layer
structure was observed: facility size (by disease and total
patients), which occupies the top ranks, acts globally
with a wide distribution of SHAP values, while the blood
pressure and pulse factors split in sign according to the
patient’s values and locally modulate the decision. The
blood-pressure-related factors were evaluated by a clini-
cal specialist as “hypertension tends to accompany renal
complications, so a renal function test on the first post-
operative day can be justified,” and can be consistently
interpreted as a postoperative renal function evaluation
against a background of hypertension and arteriosclerosis.
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Fig. 2. Dependence plot for pulse [Day -1 — Day 0 change].
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Fig. 3. SHAP summary plot for the Day 1 renal function test (top 10
features by Gain Importance). Hosp., hospital; BP, blood pressure;
DO, day of surgery; A, change between the indicated days.

Regarding the invalid Alb (Day 0), a specialist com-
mented that “malnourished patients tend to have con-
current renal dysfunction and one would want to draw
blood, but the direction of the data is the opposite”; its
Gain Importance is high, but no decision threshold was
extracted and its class balance was strongly skewed.

From the above, XGBoost with SHAP can visualize non-
linear, threshold-based branching factors, and it quantita-
tively demonstrated two structural findings: the dominant
influence of institutional factors, and the strong condition—



TABLE IV
SHAP FACTOR ESTIMATION RESULTS FOR THE DAY 1 RENAL FUNCTION TEST AND CLINICAL

SPECIALISTS’ JUDGMENTS.

Associated factor Decision boundary Below- At-or-above- | Odds Ratio | p-value | Judg.

threshold threshold

group (n, group (n,

rate) rate)

Pulse [Day -1 — Day 0 change] 26.37 bpm 3,329 (62%) 178 (38%) 2.61 | <0.001 O
Diastolic blood pressure (Day 0) 68.57 mmHg 553 (49%) 3,277 (61%) 0.59 | <0.001 O
Diastolic blood pressure [Day -1 — 1.00 mmHg 1,755 (55%) 1,869 (62%) 0.76 | <0.001 O
Day 0 change]
Systolic blood pressure (Day 0) 123.53 mmHg 685 (52%) 3,142 (61%) 0.68 | <0.001 O
Systolic blood pressure [Day -1 — 2.74 mmHg 1,699 (53%) 1,913 (64%) 0.63 | <0.001 A
Day 0 change]
Alb (Day 0)1 3.00 g/dL 22 (86%) | 1,490 (96%) 024 | 0014 ] x

The decision boundary is the SHAP sign-reversal point, i.e., a value at which the model contribution changes sign. T: no SHAP boundary
extracted; the lower limit of the normal range is used instead. Odds Ratio: below- vs. at-or-above-boundary group. Judg. (by clinical

specialists): O, valid; A, indirectly related; x, invalid. Alb, albumin.

medical-order association in the Day 2 blood substitute
and the Day 1 renal function test.

V. CONCLUSION

In this study, we proposed a branching factor estima-
tion method that selects branching points based on F-
measure consistency with a standard clinical pathway and
estimates factors with two approaches: a statistical one
(L2-regularized LR) and an explainable learning-based
one (predictive model with SHAP; XGBoost adopted via
model comparison). In an evaluation experiment using
data from 58,598 patients across nine diseases and 27
medical institutions, the validity rate in clinical specialists’
judgments reached 45.7% for XGBoost with SHAP versus
0% for LR; for gastric malignancy, we extracted factors
using diastolic blood pressure and pulse-rate change as
decision thresholds in the Day 1 renal function test (4/6
valid), supporting the effectiveness of the proposed method
and the greater effectiveness of the explainable learning-
based approach in this case study. We also obtained a find-
ing specific to multi-institutional analysis: institutional
factors were dominant predictors across all nine branching
targets identified for gastric malignancy.

Two limitations remain: the admission year is not mod-
eled, so pathway revisions over 2015-2024 may be ab-
sorbed into the institutional factors; and anonymization
removes the procedure subcategories. Future work includes
modeling the admission year, inferring the procedure
type from order sequences, and extending the detailed
branching-factor estimation to all nine diseases, with qual-
itative and quantitative evaluation by clinicians.
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