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ABSTRACT Background

This audit followed a breast-ultrasound case through a Flask research workspace a.nd checked the displayed functio.ns
against code, retained artifacts a.nd final review records. Separate results were reproduced for multiple views of o.ne
lesio.n, together with original-resolutio.n Grad-CAM, versio.ned a.nnotatio.ns a.nd reviewer material. Binary scoring used
the saved froze.n VGG16 classifier. The approved research collectio.n co.ntained 78 images; after duplicate, patie.nt a.nd
lineage exclusio.ns, the inspected query returned 12 matches. For segme.ntatio.n, the residual U-Net reached a lesio.n-
o.nly Dice score of 0.2534 a.nd failed to detect 12 of 20 lesio.ns. Co.nformal predictio.n supplied a single-label a.nswer
in o.nly o.ne of 31 cases. The input-scree.ning experime.nt covered a.n insufficie.nt ra.nge of negative sources.
Segme.ntatio.n, abste.ntio.n a.nd input scree.ning co.nseque.ntly remain disabled, while the reproducible case,
expla.natio.n, review a.nd retrieval paths remain available as research functio.ns.
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I. INTRODUCTIO.N

Multiple no.n-intercha.ngeable views of the same lesio.n
may be obtained during a breast ultrasound examinatio.n.
Each picture could seem differe.nt depe.nding o.n the
probe's locatio.n, the acquisitio.n parameters, a.nd the
operator's method. He.nce, rather tha.n co.nsolidating the
visit into a single score, the workspace maintains each
view, predictio.n, a.nd expla.natio.n as a.n indepe.nde.nt
record.

Originally built as a Flask classifier, the program has
since evolved into a case-based research environment.
Users ca.n browse results per image, a.nnotate images,
request reviews, a.nd search a.n approved refere.nce
collectio.n. A visit ca.n hold numerous images.
Segmentation, input filtering, and prediction abstention
are also tested in separate versio.ns of the repository.

They are not co.nsidered interface-ready just because
they are in the codebase.

The maintained route from a.n input picture to the output
displayed to a reviewer determines the project's
reproducibility. By following that route, we were able to
complete the preprocessing, retained model, output
ge.neratio.n, a.nd interface record keeping. The isolated
app was launched using its fake account, a.nd its pages
were compared to previously stored verificatio.n
materials. The same procedure was used to a.nalyse the
final artefacts obtained from the suppleme.ntary
experime.nts. There is docume.ntatio.n of both successful
a.nd unsuccessful checks.

In order to determine if the saved build ca.n replicate the
evide.nce it provided, the audit checks to see if each
experime.ntal compo.ne.nt met its release criteria. In
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respo.nse to the first questio.n, runtime checks a.nd
retained artefacts are utilised. Instead of training
summaries, final review files address the seco.nd
questio.n. The applicatio.n is ide.ntified as a research
system rather tha.n a diagnostic device, a.nd this
boundary keeps unfinished models outside the
deployme.nt claim.

II. RELATED WORK

The experime.ntal selectio.ns in this workspace are
guided by earlier investigations o.n  breast
ultraso.nography. Classificatio.n outcomes are task a.nd
evaluatio.n design depe.nde.nt, as demo.nstrated by Yap
et al. [1]. Whe.n a pixel-level mask, instead of a class
score, is the desired output, U-Net comes into play [2].
While BUSI [3] a.nd BUS-UCLM [4] make it possible to
co.nduct repeated studies, such as our segme.ntatio.n
audit, the datasets vary depe.nding o.n the type of
collectio.n. Neither source's performa.nce ca.n prove
tra.nsferability to other ce.nters or sca.nners.

Although they appear to be visually ide.ntical, Grad-
CAM and segme.ntatio.n actually address distinct
co.ncerns. Instead of using a measured lesio.n border as
its coarse map, Grad-CAM makes use of gradie.nts a.nd
co.nvolutio.nal features to pinpoint areas that had a.n
impact o.n a class judgeme.nt [5]. That boundary is
directly estimated via segme.ntatio.n. For this reaso.n, we
keep the Grad-CAM view a.nd the segme.ntatio.n mask
in separate files a.nd assess their respective outputs
indepe.nde.ntly.

Just because a label is accurate doesn't mea.n the score is
reliable. Dataset cha.nges ca.n affect uncertainty
estimates [7], a.nd calibration is all about the
relatio.nship betwee.n scores a.nd outcomes [6]. We
co.nducted our abstine.nce experime.nt because
co.nformal predictio.n ge.nerates predictio.n sets based
o.n specified assumptio.ns [8]. Since a set with both
labels ca.n be accurate eve.n without providing a class
decisio.n, we look at both label coverage a.nd a.nswered
coverage.

Reporting guidelines are likewise followed by the
evide.nce gate. In co.ntrast to DECIDE-AI, which
incorporates workflow a.nd huma.n aspects, CLAIM
places a.n emphasis o.n prove.na.nce, refere.nce
sta.ndards, evaluatio.n splits, a.nd subgroup findings
(10). The hidde.n stratificatio.n technique alerts users that
a total score might mask subgroup failure [11], while the
model cards docume.nt the inte.nded use, evaluatio.n
parameters, a.nd co.nstraints [12]. Thus, aggregate values
are shown alo.ngside maligna.nt-lesio.n Dice a.nd
a.nswered coverage, but experime.ntal features that lack
supporting evide.nce are blocked.

II1. SYSTEM DESIGN

A. Case and image records

Some of the tools used to build the app include Flask,
SQLAIlchemy, Ope.nCV, a.nd Te.nsorFlow/Keras. Make
sure the pictures of the visit actually show the same
lesio.n before proceeding. Irreversible image records are
created with every submitted view. The file is e.ncrypted,
validated for size a.nd allowed types, a.nd the.n hashed
to preve.nt the owner's workspace from accessing a.n
ide.ntical copy. Two distinct storage pillars support the
public research library a.nd private uploads.

Leasing the processing work e.nsures its executio.n. A.n
older state ca.nnot be overwritte.n by a recovered or
delayed worker because a worker ca.n o.nly write a result
while it still owns the curre.nt lease. Everything from the
initial image route a.nd model fingerprint to the
processing phase, prese.nted scores, raw output, a.nd
Grad-CAM assets are part of the recorded informatio.n.
The app will show you both outcomes if two opinio.ns
are co.ntradictory. In additio.n, it ca.nnot co.nceal
disagreeme.nts by averaging results or compute a
diagnosis at the visit level.

In the report that is produced, this divisio.n persists. Eve.n
after adding a.n a.nnotatio.n, the report clearly shows
which model fingerprint was used for the image.
According to it, nobody has checked the output, the
sigmoid values are.n't calibrated probabilities, a.nd the
total score from co.nnected views isn't certified. Avoiding
the possibility of a.n exported report losing the associated
co.nditio.ns is achieved by ge.nerating these stateme.nts
from the case record instead of ma.nually adding them to
a scree.nshot.

Evidence-gated system flow

Authenticated case workspace
Multi-view visit and immutable image record

\. * J
e 3
Technical upload checks
File type, size, decoding and duplicate guard
\. * J
e N

Operational classifier
224 x 224 RGB / 255; frozen VGG16; sigmoid score

v

Stored output and explanation
Per-view class score, model fingerprint and Grad-CAM

I
v v

Case evidence
Versioned annotation

Research evidence
Approved reference library
Assigned reviewer Cosine retrieval

Owner report Lineage exclusions

1 ]
Y

Deployment gate

Segmentation, OOD and abstention remain disabled

when evidence gates fail
\. J

Fig. 1. Processing a.nd review paths impleme.nted in the
curre.nt workspace.

B. Classification and Grad-CAM

Based o.n a froze.n VGG16 co.nvolutio.nal foundatio.n,
the maintained classifier is a Keras Seque.ntial model
[13]. A single sigmoid output follows global average
pooling, the.n thick layers with 512 a.nd 256 units, a.nd
dropout. There are 15,108,929 parameters in the loaded
artefact, with 394,241 of them indicated as trainable in
the stored co.nfiguratio.n. Prior to infere.nce, images
undergo resizing to 224 x 224 pixel refineme.nt, RGB
co.nversio.n, a.nd divisio.n by 255.
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The interface co.nverts the sigmoid value s into a
displayed maligna.nt score of 100s a.nd a be.nign score
of 100(1-s). It also shows the dista.nce from the 0.5
decisio.n threshold. The displayed values are not
described as calibrated probabilities. Grad-CAM is
calculated for the maligna.nt output using the last
available co.nvolutio.nal layer. The heatmap is resized to
the dime.nsio.ns of the uploaded raster before the
coloured overlay is saved. The report a.nd browser labels
state that this output is a.n expla.natio.n rather tha.n a
lesio.n boundary.

C. Annotation and assigned review

Users are able to save polygo.ns, notes, a.nd assessme.nts
separately from the classifier record. With each save, a
new versio.n is created while keeping the previous image
space's coordinates. In the abse.nce of a scale, all
measureme.nts will be expressed in pixels. There is a
distinct procedure for reviewer access: a.n operator
assigns a specific case a.nd authorises reviewer capacity.
The owner's export may include the finalised versio.n of
the reviewer's notes, but the draft notes remain private.
Access is co.ntrolled by the program; it does not validate
a perso.n's crede.ntials.

Whe.n saving a.nnotatio.n points, the browser returns
them to their original source-image coordinates because
of the ability to zoom a.nd resize images. Since two
pictures may depict the same lesio.n, it is not possible to
tra.nsfer a co.ntour from o.ne view to the other; this is a
crucial co.nsideratio.n in a multi-view sce.nario.
Additio.nally, the versio.n history safeguards against the
reviewer co.ntour being co.nfused with a patie.nt note.
Despite having distinct authors a.nd states, the two
records might be shown side by side for compariso.n
purposes.

D. Research image retrieval

O.nly docume.nts that have bee.n approved for research
are available in the search library. The source, lice.nse,
label prove.na.nce, patie.nt key, a.nd classifier fingerprint
are all stored in each refere.nce. Prior to ra.nking by
cosine similarity, the code removes the query hash, exact
duplicates, photos from the same patie.nt, a.nd related
source lineages whe.n a query is submitted. Returns no
more tha.n 12 samples. Rather tha.n diagnostic
probability, the page explains the value as feature
similarity.

informatio.n for approved refere.nces.

E. Reports and failure states

Assembling a case export is do.ne from saved records
instead of the curre.nt browser scree.n. Since this is the
case, the report may co.nsiste.ntly list the model's
fingerprint, processing time, image result, a.nd finalised
huma.n material. Notes writte.n by reviewers a.nd notes
writte.n by individuals retain their separate folders. The
export indicates that the provider is unavailable rather
tha.n inserting a bla.nk segme.ntatio.n pa.nel, which
could be interpreted as a negative result.

The worker records phase cha.nges so that a failed
upload, model error or expla.natio.n error ca.n be
distinguished from a completed predictio.n. A retry does
not erase the earlier failure state until the new lease has
bee.n accepted. These details do not improve model
accuracy, but they make a.n erro.neous or incomplete run
easier to ide.ntify. For a research applicatio.n, preserving
this history is preferable to showing o.nly the last visible
label.

IV. DATA AND EXPERIME.NTAL METHODS

A. Repository and data audit

About eve.nly split betwee.n be.nign a.nd maligna.nt
directories, the local classificatio.n folders hold 900
validatio.n files a.nd 8,116 training files. For these files,
we were unable to locate a patie.nt-level ma.nifest, a
comprehe.nsive source lice.nse, or a trustworthy
membership record. Accordingly, the accuracy of their
folder-based validatio.n is not cited in the article. Images
from the same patie.nt or acquisitio.n seque.nce
appearing o.n both sides would make it difficult to
interpret a large number from this split.

The BUS-UCLM release co.ntains 683 images from 38
studies, together with RGB masks a.nd labels derived
from publisher metadata [4]. The repository audit
compared publisher checksums, decoded the files a.nd
checked image-mask geometry. Four decoded duplicates
and 13 geometry mismatches were removed. The
seco.nd segme.ntatio.n run also excluded the patie.nts
used for visual inspectio.n during the rejected first run.
The remaining split is shown in Table 1.

Dataset labels were read from the supplied INFO.csv file
instead of being inferred from file.names. The resulting
ma.nifest records the patie.nt group, source image, mask,
split a.nd exclusio.n reaso.n. This was necessary because
a file-level random split would place closely related
views o0.n both sides of the evaluatio.n. The ma.nifest also
gives the final review a stable descriptio.n of the cohort.
Re-running the evaluatio.n against a differe.nt list of
images would no lo.nger satisfy the stored review eve.n
if the model file.name stayed the same.

Table 1. PatieNt-Grouped Split Used For
Segme.Ntatio.N
Split Image | Patie.nt| Be.nig | Malig | Norma
S S n 0 1
Train 414 21 108 59 247
Validatio-| 151 |6 27 | 14 | 80
Final 51 5 12 8 31

B. Segmentation experiment
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The seco.nd experime.nt used a residual U-Net with a 128
by 128 input a.nd 16 base filters. Its skip-co.nnected
e.ncoder-decoder follows the U-Net pattern, while the
co.nvolutio.nal blocks wuse residual co.nnectio.ns
associated with residual learning [2], [14]. Letterbox
resizing preserved the aspect ratio, bilinear interpolatio.n
was used for images and nearest-neighbour
interpolatio.n was used for masks. Training combined
binary cross-e.ntropy with Dice loss. Lesio.n a.nd normal
samples were bala.nced during training, while horizo.ntal
flipping was limited to the training split. The optimizer
was Adam with a learning rate of 0.0003, batch size 8
a.nd seed 42.

Training stopped after 20 of the requested 35 epochs
because the validatio.n loss no lo.nger improved within
the co.nfigured patie.nce. The final mask threshold was
not chose.n o.n the final cohort. A froze.n search o.n the
validatio.n cohort co.nsidered lesio.n Dice, the fractio.n
of completely missed lesio.ns a.nd false positives o.n
normal images. The selected threshold was 0.15. We
report lesio.n-o.nly Dice a.nd intersectio.n-over-unio.n,
lesio.n-detectio.n se.nsitivity, complete misses, false
positives o0.n normal images a.nd results for be.nign a.nd
maligna.nt lesio.ns separately.

The deployme.nt review defined its accepta.nce criteria
before reading the final output. Lesio.n-o.nly Dice had to
reach 0.60, lesio.n-o.nly IoU 0.45 a.nd lesio.n-detectio.n
se.nsitivity 0.90. Completely missed lesio.ns could
account for no more tha.n 10 perce.nt of lesio.n images,
a.nd mea.n Dice had to reach 0.50 in both the be.nign a.nd
maligna.nt groups. Normal-image behaviour was
examined separately so that correct empty masks could
not compe.nsate for missed lesio.ns. The review also
checked that the weight fingerprint a.nd preprocessing
descriptio.n matched the artifact loaded by the provider

—— Training = Validation
1.50

1.00
Loss

0.75

0.50

1 5 10 15 20
Epoch

Fig. 3. Training a.nd validatio.n loss stored for the 20
completed residual U-Net epochs.

C. Input screening and abstention

The input-scree.ning experime.nt used a 28 by 28 logistic
source discriminator. BUS-UCLM images formed the
positive class, while CT a.nd chest radiograph images
from MedMNIST v2 formed the available negative
classes [15]. This was a feasibility test, not a
comprehe.nsive out-of-distributio.n study. It did not
include scree.nshots, natural photographs,
mammography, MRI, ultrasound from a.nother orga.n or
images co.ntaining ve.ndor overlays.

The initial classifier remained unaltered in the abstaining
experime.nt. There were a total of 31 photos utilised for

the final evaluatio.n, 16 for temperature fitting, a.nd 25
for co.nformal calibratio.n. Despite a small patie.nt
populatio.n a.nd certain associated perspectives, patie.nt
groups were distinct throughout these phases. Coverage
of labels and a.nswers were both recorded. A.n
a.nswered case was a collectio.n of predictio.ns with
o.nly o.ne label, while a.n unlabelled set was co.nsidered
to be a.n abste.ntio.n.

D. Reproduction checks

We opened the isolated demo.nstratio.n in a browser
using the synthetic account retained with the project. The
check covered visit creatio.n, a two-view case, separate
image results, the Grad-CAM page a.nd research
retrieval. Scree.nshots used in this paper were captured
from that running insta.nce. We also loaded the model
artifact directly a.nd read its layer structure a.nd
parameter counts.

The automated test suite was executed again throughout
the audit. A total of 29 tests were run, with 19 passing
a.nd 19 failing. O.ne module import was unsuccessful
because of a.n error. The ML-readiness route was
typically registered after a Flask blueprint was already in
use, which led to the failures. The article does not
reiterate a previous claim that the complete suite passes
since this regressio.n affects the prese.nt software claim.
No model was retrained while preparing this paper. The
numerical results were read from final artifacts whose
hashes match the associated review files. This avoids a.n
easy but serious mistake: cha.nging a threshold or
selecting a.nother checkpoint after seeing the final
cohort. The browser checks a.nd scree.nshots test a
differe.nt questio.n. They show that the retained
applicatio.n ca.n display the stored result a.nd its
limitatio.ns; they do not add samples to the model
evaluatio.n.

E. Interpretation rules

The numerical checks were interpreted against the task
the feature would perform in the interface.
Segme.ntatio.n required acceptable lesio.n overlap a.nd
few complete misses; correct empty masks were reported
but could not replace lesio.n performa.nce. Input
scree.ning required coverage of realistic unsupported
sources, not o.nly a high area under the curve o.n two
co.nve.nie.nt negative datasets. Abste.ntio.n required the
procedure to a.nswer a useful share of cases as well as
include the correct label. These rules were fixed in the
review files before the final status was assigned.

V. RESULTS AND DISCUSSION

A. Working application paths

To validate, the live demo replicated the two saved raw
classifier outputs. It was 856 by 606 pixels for both the
heatmaps a.nd the overlays, much like the source photos.
There were 78 vetted citatio.ns in the library's active
classifier fingerprint. Twelve results remained after
excluding duplicates, patie.nts, a.nd lineages from the
examined query. Repeatability of the applicatio.n's path
a.nd its prove.na.nce records are supported by these
checks. Clinical accuracy ca.nnot be measured by these.
Separatio.n of results was also verified o.n the multi-view
page. Each card kept its unique score, model fingerprint,
a.nd link to the inspectio.n site, yet both photos stayed
viewable under o.ne visit. User a.nnotatio.ns, the Grad-
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CAM view, the source image, a.nd reviewer materials
could all be accessed without affecting the model's
output. Although this is o.nly a little improveme.nt to the
user interface, it fixes a prevale.nt reporting problem
where huma.n interpretatio.n is rewritte.n as though it
were the initial algorithm result.

ISOLATED RESEARCH DEMO - put

Case workspace

Your visits

'DEMO public research case
unspecified - 2026-09-18 -2 views

(b) Two-view case with separate model outputs

Fig. 4. Fresh demo views: visit creation and a case
containing two ultrasound images.

There were 31 photos from 5 individuals in a feasibility
set that solely included exterior lesio.ns. Eleve.n pictures
(or 35.48% of the total) had the uncha.nging classifier
right. Rather tha.n taking this as a.n indicatio.n of
correctness, we view it as a cautio.n. Several photos of
the same patie.nt are correlated, a.nd it is not possible to
reco.nstitute the original training membership adequately
to demo.nstrate indepe.nde.nce. La.nguage that portrays
the score as reliable across external data is nevertheless
rejected by the result.

Fig. 5. Model output a.nd original-resolutio.n Grad-CAM
displayed by the isolated demo.

B. Classifier error pattern

Three valid maligna.nt predictio.ns, five missed o.nes,
eight accurate be.nign predictio.ns, a.nd fiftee.n false
positives were included in the 31-image cohort whe.n the
stored threshold was set at 0.5. Thus, a slight bias against
o.ne class ca.nnot account for the mistake. Due to the fact
that each patie.nt in the cohort has ma.ny views, the count

fluctuates within patie.nt groups, a.nd both false positives
a.nd false negatives might happe.n. The counts for
tra.nspare.ncy at the picture level are recorded in Table II,
but no co.nfide.nce ra.nge is give.n since a co.nsiste.nt
populatio.n estimate ca.nnot be supported by five single
patie.nts.

Table II. Image-Level Confusion Counts In The
External Feasibility Set

Reference | Predicted benign Pr_edl“ed
malignantnt
Be.nign 8 15
Maligna.nt 5 3

C. Segmentation result
The residual U-Net obtained a.n all-image mea.n Dice
score of 0.7072 o.n the final cohort. That number looks
favourable until the cohort compositio.n is examined.
Thirty-o.ne of the 51 images were normal, a.nd both the
refere.nce a.nd predicted masks were empty for all 31.
Empty agreeme.nt co.ntributed a Dice score of o.ne to
each of those images.

O.n the 20 images that co.ntained a lesio.n, mea.n Dice
fell to 0.2534 a.nd mea.n IoU to 0.2010. O.nly eight
lesio.ns were detected, giving a se.nsitivity of 0.40, a.nd
12 lesio.ns were missed completely. Mea.n Dice was
0.4223 for the 12 be.nign lesio.ns. All eight maligna.nt
lesio.ns received empty predictio.ns, so their mea.n Dice
was zero. Six of the seve.n qua.ntitative co.nditio.ns in
the deployme.nt review failed.

The chose.n threshold explains part of the pattern but
does not rescue the model. At 0.15, the validatio.n search
favoured fewer normal-image false positives while
retaining some lesio.n respo.nse. O.n the final cohort it
produced correct empty masks for every normal image,
yet this appare.nt specificity came with poor lesio.n
se.nsitivity. Lowering the threshold after observing the
final cohort would invalidate the evaluatio.n protocol. A
new threshold would require a.nother validatio.n
decisio.n a.nd a new untouched test cohort.

b ] b ] =" o
Fig. 6. Final-cohort maligna.nt example: source image,
refere.nce mask a.nd empty predictio.n.
D. Screening and abstention results
While 12 out of 150 CT sca.ns were accepted by the
input-scree.ning model, no.ne of the 149 chest
radiographs were. All eighty BUS-UCLM pictures were
accepted. Although there was o.ne positive ultrasound
source a.nd two negative categories, the computed
AUROC was 0.9969. It doesn't specify which picture
formats are really supported by browsers. Accordingly,
input scree.ning was left disabled throughout the review.
Every o.ne of the thirty-o.ne last insta.nces had the right
label in the co.nformal predictio.n sets. There was just
o.ne set that had a single label. The remaining 30 had both
designatio.ns, resulting in a 96.77 perce.nt abste.ntio.n
rate a.nd a 3.23% replied coverage. As a.n interactive
decisio.n-aid, it is useless, but safe in the limited se.nse
that the technique rarely commits to a.n a.nswer. The
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co.nfigured gate additio.nally kept abste.ntio.n disabled
because it required at least 60% replied coverage.

Table III. Final Results and Current Application
Status

Compo.ne.nt Observed result Status

. 11/31 external lesio.n Research
Classifier .

1mages correct output
. Lesio.n Dice 0.2534; .
Segme.ntatio.n se.nsitivity 0.40 Disabled
Input 12/150 CT accepted; Disabled
scree.ning narrow source coverage
Abste.ntio.n 1/31 cases a.nswered Disabled
Retrieval 78 indexed; 12 filtered E nabled
results

E. What the aggregate scores conceal

One aggregate metric might be deceiving, as the
segme.ntatio.n result demo.nstrates. Eve.n though it fails
to segregate insta.nces that require it, a model that
forecasts a.n empty mask ca.n do well o.n a dataset where
normal images predominate. A seco.nd issue is shown by
the label-specific results: no maligna.nt lesio.n was
detected. You wouldn't know about either of the failures
if you just reported the total Dice score.

The uncertainty experime.nts show the same te.nde.ncy.
Although o.ne label coverage is mathematically
desirable, it was accomplished by providing both labels
for nearly all images. Also, commo.nly used browser
inputs were not examined by the source discriminator, but
the small evaluatio.n sets were effectively separated.
Each product claim is still unsupported by the
experime.nts in the repository, eve.n whe.n the
experime.nts themselves are valid.

F. Software and workflow implications

To overcome this discrepa.ncy, the app asks for a review
record with a fingerprint that correspo.nds to the model
artefact. The segme.ntatio.n provider will not allow
normal co.nstructio.n if the review is either not prese.nt,
refused, or linked to a.nother weight file. For input
scree.ning, a comparable fail-closed rule is defined. This
is better tha.n a cautio.n in the project docume.ntatio.n
alo.ne as a modificatio.n to the interface in the future
ca.nnot covertly reveal the rejected model.

The release decisio.n is also affected by the prese.nt test
regressio.n. Although the browser demo a.nd saved
experime.ntal metrics are both usable, the whole
automated suite does not pass. Prior to proceeding with
the release, the route registratio.n needs to be fixed.
The.n, instead of inheriting the applicatio.n initialisatio.n
order from a.n earlier import, run the suite in separate
processes to test it.

There is also the matter of upkeep to co.nsider. It is not
possible to establish that the surrounding preprocessing
code is uncha.nged using the fingerprint check, but it
does preve.nt replacing a model file without a matching
review. Thus, in additio.n to the weight hash, the
co.nfiguratio.n keeps track of picture size, colour
ha.ndling, normalisatio.n, a.nd threshold. This whole
infere.nce co.ntract should be tested with fixed input-
output fixtures in a future versio.n. Eve.n if the weights
of the neural network do.n't cha.nge, that would still
detect a preprocessing modificatio.n.
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VI. LIMITATIONS

A patient-level training ma.nifest could not be linked to
the available classifier folders. The diagnostic sensitivity,
specificity, and calibrationn ca.nnot be established by the
separate classifier check because it o.nly used photos
from five cases. Informatio.n from a single ce.nter a.nd
sca.nner is provided by BUS-UCLM. Despite not being
included in the v2 developme.nt process, the final v2
patients were part of the failed v1 training run. So, instead
of being a separate external validatio.n set, the last cohort
is an internal holdout.

Technical issues, not editorial ones, cause some interface
co.nstraints. While reviewer authorization does gra.nt
access to the applicatio.n, it does not validate the
reviewer's qualifications. Unless a picture scale is
accessible, measureme.nts recorded in pixels do not have
a.ny physical significa.nce. Eve.n though a comparable
refere.nce image could be useful for inspectio.n, it ca.n't
tell you what a new case is. You ca.n't utilise Grad-CAM
to validate a co.ntour since it ca.n divert atte.ntio.n away
from the lesio.n.

All of our privacy assessme.nts were limited to the local
study e.nviro.nme.nt. The demo makes use of public
BUS-UCLM photos a.nd synthetic accounts, while the
main workspace maintains database a.nd media roots
indepe.nde.ntly. Although that segme.ntatio.n is
developme.ntally appropriate, it does not co.nstitute
evide.nce of co.nformity with a clinical data-governa.nce
scheme. For production wuse, you'll require a.n
indepe.nde.nt security assessme.nt, writte.n rete.ntio.n
rules, access reviews, incide.nt ha.ndling, co.nse.nt, or
similar legal justificatio.n. O.n their own, the login a.nd
case assignme.nt pages ca.nnot guara.ntee a.ny of these
things.

Having a lice.nsed classifier dataset that is orga.nised by
patie.nt, a refere.nce sta.ndard that is docume.nted, a.nd
a truly indepe.nde.nt test cohort would all be necessary
for a more robust review. To investigate differe.nces in
sca.nner performa.nce a.nd acquisitio.n methods, data
from multiple ce.nters would be required. Scree.ning
inputs should incorporate actual browser errors a.nd
external ultrasound pictures. The last assessme.nt ca.n't
happe.n without first pla.nning the calibratio.n a.nd
subgroup a.nalysis. Predetermined accepta.nce criteria in
line with CLAIM a.nd DECIDE-AI should likewise be
used in a.ny subseque.nt clinical workflow research [9],
[10]. It is not sufficie.nt to infer hidde.n failure groups
from average scores; instead, direct research is required
[11].

VII. CONCLUSION AND FUTURE WORK

The preserved classifier case workflow is the part of the
project that ca.n be reproduced. Every view in the
sta.ndalo.ne demo maintained its own score a.nd high-
resolutio.n Grad-CAM picture. The saved fingerprints
a.nd verificatio.n data were also matched with versio.ned
a.nnotatio.ns, assigned review, report ge.neratio.n, a.nd
lineage-filtered retrieval.

The auxiliary models should not have bee.n activated
based o.n the same evide.nce. Although co.nformal
predictio.n delivered both labels for 30 out of 31 cases,
the source discriminator covered too few realistic input
types, a.nd there were ma.ny missed lesio.ns in the final
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segme.ntatio.n cohort. Disabling each compo.ne.nt
mea.ns it failed at least o.ne stored accepta.nce criteria.
These results are prese.nted as experime.ntal results, not
as proof of how well the treatme.nt worked in the clinic.
For more robust assertio.ns, a reliable software baseline
a.nd patie.nt-arra.nged  indepe.nde.nt review  are
necessary. In order to say that the whole test suite passed,
the route-registratio.n problem must be fixed. The same
release should the.n be co.nfirmed by running clea.n-
process a.nd checking in with the browser multiple times.
Additio.nally, it is necessary to test the classifier
threshold, Grad-CAM dime.nsio.ns, resizing, colour
co.nversio.n, normalisatio.n, a.nd fixed fixtures.
Examining the models o.n appropriately sourced external
data should o.nly be do.ne o.nce such co.ntrols have bee.n
impleme.nted.

A. Near-term software work

Assembling the Flask applicatio.n begins with the first
software task: registering the readiness routes. The.n, the
blueprint is attached. The.n, it is safe to test the
applicatio.n co.nstructio.n multiple times. Multiple
applicatio.n insta.nces should be created simulta.neously
during a regressio.n test. Someo.ne else has to swap out
a.n artefact from the evaluated model with a.nother file
a.nd make sure the provider wo.n't load the old o.ne. A
fixture that covers the model fingerprint, the result for
each view, a.nd the finalised reviewer sectio.n in the
exported docume.nt is also needed for report ge.neratio.n.
B. Model evaluation plan

A ma.nifest should be ge.nerated before training a.ny new
classifier. The patie.nt's informatio.n should be included,
along with their institutio.n, device (or sca.nner),
refere.nce sta.ndard, a.nd desired split (if applicable). All
images take.n of the same patie.nt should remain in a
single split. Model selectio.n, threshold selectio.n, a.nd
visual examinatio.n should not have a.ny bearing o.n the
external cohort's origin. Se.nsitivity, specificity,
calibratio.n, co.nfide.nce intervals, a.nd findings for
releva.nt patie.nt a.nd acquisitio.n groups should be
included in the report in additio.n to accuracy, since
accuracy alo.ne is insufficie.nt.

It is recomme.nded to wait until the data path is steady
before returning to segme.ntatio.n. Decisio.ns like using
a differe.nt loss or a bigger input size in a subseque.nt
trial are still part of the developme.nt process. Prior to
ope.ning the next final cohort, the accepta.nce criteria
should be clarified. There should still be a co.nsolidated
reporting of lesio.n-o.nly overlap, full misses,
maligna.nt-lesio.n outcomes, a.nd false positives o.n
normal imaging. Similar self-co.ntrol is necessary for
abste.ntio.n: label coverage serves a purpose o.nly if both
the replied coverage a.nd the error rate amo.ng a.nswered
cases are tolerable.

C. Boundary for later clinical study

Technical validatio.n is not e.nough to go beyo.nd a
research demo.nstratio.n. No held-out metric ca.n
account for the scie.ntific, workflow, a.nd adoptio.n
co.ncerns brought up by clinical usage [16]. For a
prospective study to be co.nducted, it is necessary to
ide.ntify the target audie.nce, the workflow step at which
the output is ge.nerated, the possible next steps, a.nd the

procedure for ha.ndling errors. After the.n, it's up to
huma.n reviewers to figure out if the interface makes
modificatio.ns to decisio.ns securely a.nd in a fashio.n
that users ca.n comprehe.nd. Keep this build marked as a
research workspace a.nd note its co.nstraints next to each
model output until that task is finished.
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