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1.0 Introduction

Although equipment graveyards remain a 
significant challenge in many low- and 
middle-income countries (LMICs),1 the 
biomedical engineering community has 
reached broad agreement that sustainable 
equipment uptime depends on strong 
maintenance systems rather than equipment 
procurement alone.2 A similar systems 
challenge is now becoming visible, not with 
the equipment itself but with the information 
systems used to manage it. Our subject is not 
the equipment graveyard but an analogous 
and less visible failure: the gradual 
deterioration of maintenance information 
systems through incomplete and unreliable 
data.

Across LMICs, investments have been made 
in digital systems for medical equipment 
inventory and maintenance management, 
including computerized maintenance 
management systems (CMMS).3,4 In 
Burundi, hospitals possessed integrated 

CMMS functionality that was reportedly 
seldom used prior to reform efforts.5

Tanzania's Medical Equipment and 
Infrastructure Management Information 
System (MEIMIS) demonstrates the growing 
importance of digital platforms for health 
technology management. However, even 
moderately mature national systems such as 
MEIMIS continue to face challenges with 
incomplete data entry and gaps in 
maintenance records.6

What emerges is not an equipment graveyard 
but what might be described as a data 
graveyard: systems that remain technically 
operational yet contain increasingly 
incomplete, outdated, or unreliable 
information. The distinction matters: the 
records are not corrupted but simply never 
completed, as maintenance work outpaces its 
documentation. The two failures share a 
cause: weak maintenance systems produce 
both poor equipment uptime and poor 
documentation, so the data graveyard is the 
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counterpart of the equipment graveyard rather 
than its successor. 

This editorial argues that recent advances in 
artificial intelligence (AI) may offer a practical 
way to address it. Rather than replacing 
biomedical engineers, AI can reduce the 
friction of capturing maintenance data, 
retrieving information, and supporting 
maintenance decisions, changing how users 
interact with health technology management 
systems.

2.0 How Data Graveyards Form

The biomedical engineering community has 
learned that equipment unavailability is driven 
not only by technical faults but also by 
weaknesses in maintenance systems. 
Preventive maintenance schedules are not 
followed, repair histories are not recorded, 
replacement parts are unavailable, and 
technical personnel are overwhelmed by 
competing demands.3 The same pattern can 
occur within digital maintenance systems. 
Studies of CMMS implementation in LMICs 
have identified recurring barriers including 
inadequate training, inconsistent data entry, 
limited management support, resource 
constraints, and insufficient institutional 
ownership.4 Rather than achieving their full 
potential as operational tools, information 
systems may gradually lose data quality and 
user engagement over time as maintenance 
records go unentered, asset inventories 
become outdated, and work orders remain 
incomplete.

Importantly, this deterioration is often gradual 
and largely invisible. Unlike a broken oxygen 
concentrator sitting in a corridor, deteriorating 
data quality may attract little attention until the 
information is needed for planning, budgeting, 
procurement, or policy decisions. At that 

point, the system may technically exist, yet no 
longer provide a reliable representation of 
reality. The challenge is therefore not merely 
one of software deployment. It is one of 
sustaining the quality, completeness, and 
usefulness of maintenance information over 
time.

3.0 The Interaction Problem

Conventional maintenance information 
systems were designed around computer-
based data entry, structured forms and fields, 
and administrative maintenance workflows.3

In contrast, the daily reality of biomedical 
engineers and technicians is highly mobile and 
task-oriented.7 They work in wards, operating 
theatres, laboratories, workshops, and storage 
areas. They move between departments, 
respond to urgent breakdowns, and often 
manage large numbers of assets with limited 
resources.

Updating a maintenance record may require 
finding a computer, logging into a web-based 
system, locating the correct asset record, 
navigating multiple forms, and entering 
detailed information. When workloads are 
high, data entry becomes a secondary priority.8

The maintenance work is completed, but the 
maintenance record is not.

Over time, this friction accumulates. The issue 
is not that biomedical engineers do not value 
documentation. Rather, the effort required to 
maintain digital records is often 
disproportionate to the immediate benefit 
perceived by frontline users. In practice, 
maintenance documentation may not be 
completed at the time the work is performed 
and may subsequently be delayed or omitted, 
increasing the likelihood that records are 
incomplete or inaccurate.4



Figure 1. From data graveyards to equipment uptime.
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The result is predictable: gradual deterioration 
in the completeness and accuracy of 
maintenance data. As records become 
incomplete and inaccurate, maintenance 
activities become harder to coordinate, 
monitor, and evaluate, undermining efforts to 
improve equipment uptime.

Framed this way, the difficulty initially 
appears to be one of documentation burden: 
recording maintenance work requires effort 
while offering little immediate benefit to the 
technician. However, on closer examination, it 
is better understood as a problem of 
interaction. Conventional maintenance 
management systems are static. They wait to 
be filled in, ask nothing, carry nothing forward 
from one session to the next, and offer the 
engineer little at the moment the work is 
actually being done. The resulting 
documentation burden reflects a 
fundamentally one-sided interaction: the 
engineer provides information to the system, 
but the system provides little assistance in 
return. 

The challenges described above are not unique 
to maintenance information systems. Similar 
patterns have been observed in the design and 

adoption of electronic medical record (EMR) 
and hospital information systems in LMICs, 
where systems have sometimes failed to align 
with local workflows, organizational contexts, 
infrastructure, and operating environments.9 A 
previously proposed "LMIC-First" framework 
for EMR design identified six principles that 
appear equally applicable to CMMS.10 In 
particular, the framework argues that systems 
should be designed around clinical workflows 
and user needs rather than data collection 
requirements. Data should be captured as a 
natural byproduct of system use rather than 
through separate administrative processes. 
The framework also highlights the importance 
of touchscreen-first interfaces that reduce 
training requirements and support point-of-
care use. While touchscreen interfaces  offer 
significant advantages over traditional mouse-
and-keyboard approaches, recent 
developments in mobile computing, speech 
recognition, computer vision, and generative 
AI create opportunities for even more natural 
interactions between users and information 
systems. Figure 1 summarizes this progression 
from the formation of data graveyards, 
through the underlying interaction problem, to 
the process-centric approach we propose.
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4.0 Why AI May Represent a Different 
Paradigm

Much of the current discussion surrounding 
AI in healthcare focuses on diagnostic 
support, medical image interpretation, and 
clinical decision-making. While these 
applications are important, they may not 
represent the greatest opportunity for 
computerized maintenance management 
systems in LMICs. 

A more immediate opportunity may lie in 
using AI to change how people interact with 
existing information systems. Natural 
language interfaces to databases have been 
developed for decades, but recent advances in 
large language models have substantially 
improved their ability to translate everyday 
questions into executable queries.11 Instead of 
requiring users to adapt their workflow to 
match the software, the software can 
increasingly adapt to the user's workflow. 
These models are also multimodal, so the 
exchange need not be confined to typed text. 
A spoken note in a noisy workshop, or a 
photograph of a data plate or a failed 
component, can convey in seconds what a 
structured form would take much longer to 
capture.

In this model, AI does not replace the 
CMMS. It does not replace asset databases or 
maintenance management platforms. Instead, 
it functions as a conversational intermediary 
that translates unstructured field observations 
into structured maintenance records. AI 
becomes less of a diagnostic tool and more of 
a maintenance interface, helping to maintain 
the quality and completeness of information 
systems themselves.

This distinction matters for what a facility 
needs in place before such a system becomes 
useful. Deterministic software generally 
requires complete and well-formed data: a 
database query returns nothing when a record 

is missing, and a report is only as good as the 
fields behind it. A language model, by 
contrast, can operate on partial input and 
return a probable interpretation rather than an 
error. Where a required field is unfilled, it can 
request the missing value in ordinary 
language rather than rejecting the 
submission. In less structured settings, 
identifying what is missing is a harder 
problem, and current models perform 
inconsistently.12,13 A facility therefore need 
not begin with a fully populated and cleaned 
database. It may instead start with the records 
it already holds and improve them through 
use, beginning with a single well-defined 
subset, for example oxygen concentrators or 
the equipment of one department, and 
widening as the system is used. This 
substantially lowers the barrier to entry. What 
it does require is that a person adjudicates the 
agent's proposals, since context that is 
invisible to the system, for example that a 
unit is already scheduled for disposal, will 
often determine whether a proposed action is 
the right one.

This perspective is consistent with Toyama's 
argument in Geek Heresy that technology is 
most effective when it amplifies existing 
human and organizational capacity rather 
than attempting to substitute for it.14 In the 
context of health technology management, 
sustainable improvements in equipment 
uptime ultimately depend on skilled 
personnel, effective processes, and 
institutional commitment. By reducing the 
documentation burden, AI does not replace 
these foundations, it amplifies them, enabling 
maintenance professionals to work more 
effectively.

5.0 Human Augmentation in Practice

The practical implications become clearer 
when considered through illustrative 
examples.
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Example A: Resolving the Interaction 
Bottleneck

Instead of navigating multiple web forms 
after completing a repair, a biomedical 
engineer (BME) interacts in real time with 
the system conversationally using a mobile 
phone.

BME: 

"I just fixed the suction machine in the 
maternity ward. The motor was burned out. I 
replaced the motor."

Agent:

"I found one suction machine registered in 
the maternity ward, serial number SM-2019-
0847. I'll update your open job card: fault 
found is burned-out motor, action taken is 
motor replacement, and I'll mark it as 
completed today. Does that look right?"

BME:

"Yes, and set the next maintenance to six 
months from now."

Agent:

"Done. Job card closed. The next preventive 
maintenance is due in six months, and I'll 
remind you when it's approaching."

The maintenance activity has not changed. 
The documentation burden has. The AI acts 
only as a drafting tool, while the engineer 
retains ultimate professional responsibility.

Example B: Asset History and Decision 
Support

AI may also help transform maintenance 
databases from passive repositories into 
active decision-support systems.

BME:

"Give me the history of the autoclave in the 
laboratory. It's failing to reach temperature 
again."

Agent:

"I have no autoclaves registered in the 
laboratory. Could you send me a photo of the 
data plate so I can identify the unit?"

BME:

[photograph of the data plate]

Agent:

"Thank you, that is serial number AC-772. I 
have attached the photo to its asset record, 
which had no image on file, and proposed a 
location correction from the pharmacy store 
room to the laboratory for your approval. 
This unit has had four job cards in the last 12 
months, all related to heating elements. Total 
repair cost to date is US$1,200, which is 
approximately 60% of its original purchase 
value. Based on the replacement policy 
currently in use, this unit is a candidate for 
decommissioning. Do you want to proceed 
with the repair or initiate a replacement 
request?"

BME:

"Update its current location and recommend 
a replacement."

Agent:

"Understood. Location updated. I'll draft the 
replacement request and attach the 
maintenance history as justification for 
review."

In this example, AI is not performing the 
engineering judgment. Rather, it is reducing 
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the effort required to access and interpret 
information that already exists within the 
system, allowing maintenance decisions to be 
made more quickly, consistently, and 
transparently in support of improved 
equipment uptime.

These examples point to a broader reframing. 
The outcome we are optimizing for shifts 
from complete data to increased uptime. The 
two are related, but they are not synonymous, 
and treating them as though they were is part 
of what produces data graveyards in the first 
place.  Completeness is the wrong target. A 
database that is fully populated but never 
utilized does nothing for uptime. The 
relationship also runs in the opposite 
direction to the one usually assumed: rather 
than assembling complete data in order to 
improve uptime, it is the work of restoring 
uptime, through diagnosing the fault, 
ordering the part, and closing the job card, 
that generates the data. 

This reframing substantially lowers the 
burden for frontline staff to engage with such 
a system. A conversational agent cannot 
compel anyone to record their work, and it 
should not be mistaken for a compliance 
mechanism; where staff are unwilling, the 
remedy is managerial rather than technical. 
We therefore make a narrower claim, which 
we would argue is sufficient: where the value 
proposition is strong enough, users adopt a 
system whether or not it is mandated.15 Point-
of-care electronic medical record use in 
Malawi, adopted at national scale during 
antiretroviral therapy scale-up and sustained 
since, is consistent with that principle.16 The 
design target is not the disengaged minority 
but the large majority of biomedical 
engineers who trained for several years, want 
to practice their profession properly, and have 
not previously been given tools that make 
doing so easier. This is Friedman's 
fundamental theorem of informatics17 applied 
to health technology management: the goal is 

not a computer that outperforms a biomedical 
engineer, but a biomedical engineer working 
with a computer who outperforms an 
engineer working alone.

6.0 An Opportunity for LMICs to 
Leapfrog

Historically, computerized health technology 
management systems evolved in 
environments characterized by ready access 
to personal computers, specialized software, 
and established institutional IT 
infrastructure.18 LMICs may have an 
opportunity to follow a different path.

This would not be unprecedented. LMICs 
have demonstrated an ability to leapfrog 
legacy technologies. Just as many countries 
moved directly from limited landline 
infrastructure to widespread mobile phone 
adoption,19 health systems may not need to 
replicate the desktop-centric information 
architectures that evolved in high-income 
settings. During the scale-up of HIV 
treatment in Malawi, a touchscreen point-of-
care EMR model was adopted in place of 
more conventional desktop-based approaches 
that relied on retrospective data entry.16,20

Rather than treating data collection as a 
separate activity, the system tightly coupled 
clinical care and information capture, 
allowing data to be recorded once at the point 
of care. The system illustrates that 
redesigning technology around existing 
workflows, rather than forcing users to adapt, 
can improve both usability and data quality. 
With smartphones already in widespread use, 
AI-enabled conversational interfaces may 
represent a similar opportunity for health 
technology management systems, allowing 
maintenance documentation to become a 
natural byproduct of maintenance work 
rather than a separate administrative task.

Importantly, while LMICs can leapfrog 
legacy desktop interfaces, they cannot bypass 
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the foundational need for robust data 
stewardship, institutional governance, and 
local ownership.

7.0 Proceeding with Caution

This vision should not be mistaken for 
technological optimism or AI hype. AI 
cannot reorganize an existing data graveyard 
on its own, and a system with no trustworthy 
core to build upon will struggle. The 
incremental path described above lowers this 
barrier but does not remove it.

Significant challenges also remain regarding 
infrastructure, language, and governance. 
Despite notable improvements, rural health 
facilities in many African settings continue to 
operate with limited or unreliable internet 
connectivity,21 so dependable access to cloud-
hosted AI services cannot be assumed. 
Linguistic equity is also a hurdle. To be 
effective, AI models must accurately process 
local languages, regional dialects, and 
technical code-switching, rather than relying 
solely on high-resource languages like 
English.22 Questions of data ownership and 
governance remain unresolved, particularly 
when systems are hosted outside the country 
in which they are used. Issues of 
cybersecurity, privacy, interoperability, and 
regulatory oversight will also require careful 
consideration.23

Technical challenges should not be 
underestimated. Unlike traditional software 
systems, AI models are inherently 
probabilistic rather than deterministic. As a 
result, they may generate inaccurate or 
misleading outputs, creating new challenges 
for system validation, testing, and quality 
assurance. Human oversight, appropriate 
safeguards, and clearly defined operational 
boundaries will therefore remain essential.23

To mitigate the safety and liability risks of AI 
hallucinations, the model must remain an 
interface to the record rather than an author of 

it. Every substantive entry originates from the 
engineer and is confirmed before it is 
committed, with the engineer retaining 
ultimate professional responsibility.

Long-term sustainability is another 
consideration. The future cost of operating 
large language models remains uncertain, and 
health systems must avoid dependence on 
proprietary platforms they cannot maintain 
locally. Efficiency trends work in favor of 
adoption: performance is no longer 
dependent on sheer scale. Recently, the 
smallest model able to pass a widely used test 
of general knowledge was around 140 times 
smaller than the model that first cleared the 
same mark just over two years earlier.24

Models at this scale run outside specialized 
computing facilities,25 making self-managed 
deployment more viable for institutions 
without large infrastructure. 

Data quality does not sustain itself. Asset 
inventories do not update themselves. 
Maintenance histories do not remain accurate 
without continual effort. Like medical 
devices, information systems require 
maintenance.

8.0 Conclusion

The equipment graveyard taught the 
biomedical engineering community that 
uptime depends on maintenance systems, not 
procurement alone. The data graveyard 
suggests a parallel lesson. Information 
quality depends on how well data capture is 
built into the work itself, not on how reliably 
it is reconstructed afterwards.

If we reframe our view of these systems from 
data-centric to process-centric, 
documentation can become a byproduct of 
maintenance rather than a task competing 
with it. A partially complete record that is 
acted upon contributes more to uptime than 
an exhaustive one that is never consulted. It 
also lowers the barrier to starting: a facility 
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need not clean its database first, but can begin 
with a single asset class and improve the 
records through use.

The next frontier of AI in biomedical 
engineering may therefore be surprisingly 
mundane. Rather than diagnosing disease or 
replacing technicians, its value will lie in 
capturing, organizing, and retrieving 
maintenance information, lowering the 
interaction burden that limits routine use of 
these systems. AI removes administrative 
friction, but it cannot substitute for 
institutional leadership, maintenance 
budgets, and a culture of accountability. The 
question is whether these tools can make 
information systems usable enough to 
become part of everyday practice. Ultimately, 
the measure of success is equipment uptime, 
not data completeness.
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